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ABSTRACT 
Today’s major challenges facing the flotation of sulfide minerals involve constant 
variability in the ore composition; environmental concerns; water scarcity and inefficient 
plant performance. The present work addresses these challenges faced by the flotation 
process of complex sulfide ore of Mississippi Valley type with an insight into the froth 
stability and the flotation performance. The first project in this study was aimed at 
finding the optimum conditions for the bulk flotation of galena (PbS) and chalcopyrite 
(CuFeS2) through Response Surface Methodology (RSM). In the second project, an 
attempt was made to replace toxic sodium cyanide (NaCN) with the biodegradable 
chitosan polymer as pyrite depressant. To achieve an optimum flotation performance and 
froth stability, the third project utilized two types of nanoparticles; silica (SiO2) and 
alumina (Al2O3) as process aids. The fourth project investigated the impact of water 
chemistry on the process outcomes in an attempt to replace fresh water with sea water. In 
the last project, five artificial intelligence (AI) and machine learning (ML) models were 
employed to model the flotation performance of the ore which will allow the building of 
intelligent systems that can be used to predict the process outcomes of polymetallic 
sulfides. It was concluded that chitosan can be successfully used as a biodegradable 
depressant. Alumina nanoparticles successfully enhanced both froth stability and 
flotation performance while silica nanoparticles did not. Seawater had a negative effect 
on both the froth stability and the grade of lead (Pb)  and copper (Cu) but it improved the 
recoveries of both Pb and Cu minerals. Hybrid Neural Fuzzy Interference System 
(HyFIS) ML model showed the best accuracy to be adopted for automated sulfide ore 
flotation process in the future. 
iv 
ACKNOWLEDGMENTS 
First and foremost, I would like to acknowledge my advisor Dr. Lana Alagha.I 
sincerely appreciate her continuous support, patience, and devoted guidance throughout 
my Ph.D study. I see her as my mentor and anything which I may achieve in my future 
life is dedicated to her.I humbly thank her for changing my life for better.May Allah bless 
her and her family. 
My deep appreciation goes to Dr. Mary Reidmeyer (a great human being) for her 
guidance in operating and providing access to the mineral processing equipment. I would 
like to thank Dr. Muthanna Al Dahhan for his support in providing the chemical 
engineering lab facilities. I would also like to mention my gratitude to Dr. Nassib Samir 
Aouad for his continuous support throughout my stay. Regarding Dr Neil Anderson, I 
have not seen a  better teacher in my life. I feel proud to have him on my commitetee. 
I will always be indebted to Dr. Muhammad Usman Khan, Dr. Muhammad 
Akram and Dr. Syed Muhammad Tariq for putting me on track of academics and PhD 
studies. 
Contributions of beautiful mind and heart of Danish Ali and Keitumetse Monyake 
to my research is immeasurable.I am thankful to Syed Muhammad Sannan, Frank Schott 
and Zhongqing Xiao for helping me in carrying out experiments. Ontlametse Molatlhegi, 
Ashraf Alsafasfeh, Simin Khatibi and Mostafa Khodakarami were great. 
I would like to express my gratitude to my parents, my wife and role model 
Yasmeen Aziz, brothers Aslam and Faisal Hayat, sisters , inlaws, talented cousins, loving 
uncles, aunts, friends and my beautiful daughters for their everlasting support and love. 
  
v 
TABLE OF CONTENTS 
Page 
ABSTRACT ....................................................................................................................... iii 
ACKNOWLEDGMENTS ................................................................................................. iv 
 
LIST OF ILLUSTRATIONS ............................................................................................ xii 
LIST OF TABLES ........................................................................................................... xxi 
SECTION 
1. INTRODUCTION ....................................................................................................... 1 
 
1.1. POLYMETALLIC SULFIDE MINERALS ....................................................... 1 
1.2. EXTRACTION OF BASE METALS FROM SULFIFDE ORES ..................... 3 
1.3. STATEMENT OF THE PROBLEM .................................................................. 5 
1.4. OBJECTIVES OF THE CURRENT WORK ..................................................... 7 
1.5. BROADER IMPACTS AND INTELECTUAL MERIT OF THE PRESENT 
WORK ................................................................................................................ 9 
 
1.5.1. Broader Impact ....................................................................................... 10 
1.5.1.1. Economic benefits ......................................................................10 
1.5.1.2. Environmental benefits ..............................................................11 
1.5.2. Intellectual Merit……………………………………………………….11 
1.6. ORGANIZATION OF THESIS ....................................................................... 12 
2. LITERATURE REVIEW .......................................................................................... 15 
 
2.1. FROTH FLOTATION PROCESS .................................................................... 15 
2.1.1. Probability of Collision .......................................................................... 15 
2.1.2. Probability of Adhesion .......................................................................... 16 
  
vi 
2.1.3. Probability of Detachment ....                                                                   18 
2.1.4. Reagents Used in Froth Flotation ........................................................... 19 
2.1.4.1. Collector .....................................................................................19 
2.1.4.2. Frothers ......................................................................................20 
2.1.4.3. Modifying reagents ....................................................................21 
2.1.4.4. Activators ...................................................................................22 
2.1.4.5. Depressants ................................................................................23 
2.1.5. Equipment in Flotation ........................................................................... 23 
2.2. SULFIDE MINERAL FLOTATION ............................................................... 25 
2.3. OPTIMIZATION OF SULFIDE MINERAL FLOTATION ............................ 28 
2.4. APPLICATION OF BIODEGRADABLE POLYMERS IN SULFIDE 
MINERAL FLOTATION ................................................................................ 29 
 
2.5. FROTH STABILITY AND ITS MEASUREMENT ........................................ 30 
2.5.1. Factors Affecting Froth Stability ............................................................ 32 
2.5.1.1. Frother type ................................................................................32 
2.5.1.2. Frother concentration .................................................................33 
2.5.1.3. Size and shape of the particle .....................................................34 
2.5.1.4. Concentration of the particles ....................................................35 
2.5.1.5. Conditioning time of feed particles............................................36 
2.5.1.6. Salt concentration and temperature ............................................37 
2.5.2. Froth Stability Assessment ..................................................................... 37 
2.5.2.1. Froth maximum height at equilibrium .......................................37 
2.5.2.2. Froth growth velocity .................................................................37 
  
vii 
2.5.2.3. Dynamic froth stability factor ....................................................37 
2.5.2.4. Air recovery ...............................................................................38 
2.5.2.5. Bubble burst rate ........................................................................38 
2.6. NANO MATERIALS FOR FROTH STABILITY .......................................... 39 
2.7. SULFIDE MINERAL FLOTATION IN SEA WATER .................................. 40 
2.8. CFD SIMULATION OF FROTH ..................................................................... 41 
2.9. APPLICATION OF ARTIFICIAL INTELLIGENCE AND MACHINE 
LEARNING IN FROTH FLOTATION ........................................................... 42 
 
3. PROCESS OPTIMIZATION AND MODELING OF COMPLEX SULFIDE  
    ORE FLOTATION USING RESPONSE SURFACE METHODOLOGY ............... 44 
 
3.1. BACKGROUND .............................................................................................. 44 
3.2. METHODOLOGY AND MATERIALS .......................................................... 46 
3.2.1. Materials ................................................................................................. 46 
3.2.2. Preparation of the Flotation Feed ........................................................... 46 
3.2.3. Characterization of Flotation Feed ......................................................... 46 
3.2.3.1. Particle size distribution .............................................................47 
3.2.3.2. Mineralogical composition of feed ............................................47 
3.2.3.3. Elemental analysis of feed .........................................................49 
3.2.4. Batch Fotation Experiments ................................................................... 49 
3.2.5. Box-Behnken Design ............................................................................. 50 
3.3. RESULTS ......................................................................................................... 52 
3.4. DISCUSSION ................................................................................................... 80 
4. FLOTATION BEHAVIOR OF COMPLEX SULFIDE ORES IN THE  




4.1. BACKGROUND .............................................................................................. 82 
4.2. METHODOLOGY AND MATERIALS .......................................................... 82 
4.2.1. Materials ................................................................................................. 83 
4.2.2. Methods .................................................................................................. 84 
4.2.2.1. Batch flotation tests....................................................................84 
4.2.2.2. Zeta potential measurement .......................................................86 
4.2.2.3. Froth stability tests .....................................................................86 
4.3. RESULTS ......................................................................................................... 87 
4.3.1. Zeta Potential .......................................................................................... 88 
4.3.2. Flotation Experiments ............................................................................ 92 
4.3.2.1. Baseline experiments using Sodium Cyanide (NaCN) ..............92 
4.3.2.2. Influence of Chitosan dosage on the flotation performance 
sulfide minerals ...........................................................................93 
 
4.3.2.3. Influence of flotation time on the recovery of galena, 
chalcopyrite and pyrite in the presence of chitosan polymer ......97 
 
4.3.2.4. Froth stability and performance……………………………….98 
4.4. DISCUSSION ................................................................................................. 100 
5. EFFECT OF NANOPARTICLES ON DYNAMIC FROTH STABILITY AND   
     FLOTATION PERFORMANCE OF COMPLEX SULFIDE ORE ....................... 101 
 
5.1. BACKGROUND ................................................................................................. 101 
 
5.2. METHODOLOGY AND MATERIALS ........................................................ 102 
5.2.1. Materials. .............................................................................................. 102 
5.2.2. Methods ................................................................................................ 103 
5.2.3. Design of Experiments ......................................................................... 104 
  
ix 
5.2.3.1. Froth flotation experiments ......................................................105 
5.2.3.2. Froth stability experiments ......................................................107 
5.3. RESULTS ....................................................................................................... 108 
5.3.1. Froth Flotation Results ......................................................................... 108 
5.3.2. Froth Stability Results .......................................................................... 108 
5.3.3. Mathematical Modelling ...................................................................... 117 
5.3.4. Optimization ......................................................................................... 119 
5.4. DISCUSSION ................................................................................................. 122 
6. EFFECT OF THE USE OF SEA WATER ON DYNAMIC FROTH  
    STABILITY AND GRADE AND RECOVERY OF PB AND CU IN 
    COMPLEX SULFIDE ORE FLOTATION............................................................. 131 
 
6.1. BACKGROUND ............................................................................................ 131 
6.2. METHODOLOGY AND MATERIALS ........................................................ 132 
6.2.1. Materials ............................................................................................... 132 
6.2.2. Methods ................................................................................................ 134 
6.2.2.1. Design of experiments .............................................................134 
6.2.2.2. Froth flotation experiments ......................................................134 
6.2.2.3. Froth stability experiments ......................................................134 
6.3. RESULTS ....................................................................................................... 137 
6.3.1. Froth Flotation Results ......................................................................... 137 
6.3.2. Froth Stability Results .......................................................................... 137 
6.3.3. Mathematical Modelling ...................................................................... 139 
6.3.4. Optimization ......................................................................................... 150 
6.4. CONTOUR PLOTS ........................................................................................ 150 
  
x 
6.5. DISCUSSION ................................................................................................. 151 
7. ARTIFICIAL INTELLIGENCE AND MACHINE LEARNING MODELS  
    FOR PREDICTING THE METALLURGICAL PERFORMANCE OF  
    COMPLEX SULFIDE ORE FLOTATION PROCESS .......................................... 160 
 
7.1. BACKGROUND ............................................................................................ 160 
7.2. FLOTATION EXPERIMENTS...................................................................... 162 
7.3. MACHINE LEARNING (ML) & ARTIFICIAL INTELLIGENCE (AI) 
MODELS ........................................................................................................ 162 
 
7.3.1. Tree Based Method .............................................................................. 163 
7.3.2. Artificial Neural Network .................................................................... 163 
7.3.3. Fuzzy Logic Approach ......................................................................... 165 
7.3.4. Adaptive Neuro Fuzzy Inference System ............................................. 167 
7.3.5. Hybrid Neuro Fuzzy Inference System ................................................ 169 
7.3.6. Model Performance Criteria ................................................................. 170 
7.4. DATA PREPARATION AND AI MODELING ............................................ 171 
7.5. IMPLEMENTATION AND RESULTS OF MODELLING .......................... 172 
7.5.1. Random Forest Model Results ............................................................. 172 
7.5.2. Artificial Neural Network Results ........................................................ 173 
7.5.3. Mamdani Fuzzy Logic .......................................................................... 178 
7.5.4. ANFIS Model ....................................................................................... 179 
7.5.5. HyFIS Model ........................................................................................ 179 
7.6. RESULTS ....................................................................................................... 180 
7.7. DISCUSSION ................................................................................................. 195 




8.1. CONCLUSION ............................................................................................... 197 
8.2. RECOMMENDATIONS ................................................................................ 199 
8.3. FUTURE WORK ............................................................................................ 200 
8.3.1. Background .......................................................................................... 200 
8.3.2. Model Description ................................................................................ 202 
8.3.3. Hydrodynamic Model ........................................................................... 205 
8.3.4. Governing Equations …………………………………………………206 












LIST OF ILLUSTRATIONS 
                                                                                                                             Page 
 
Figure 1.1. Typical Bulk flotation of complex sulfide ores ................................................ 4 
Figure 2.1. Collision pattern amongst bubble and particle [21]. ...................................... 16 
Figure 2.2. Particle –bubble attachment process ([21], [24], [26]). .................................. 17 
Figure 2.3. Classification of collectors [9]........................................................................ 20 
Figure 2.4. Working mechanism of ionizing collectors [9] .............................................. 20 
Figure 2.5. Functioning of frother[9] ................................................................................ 21 
Figure 2.6. Classification of modifying reagents on basis of type[37] ............................. 22 
Figure 2.7. Column flotation cell [40] .............................................................................. 24 
Figure 2.8. Schematic diagram of a typical Denver D-R flotation cell [9] ....................... 25 
Figure 2.9. Collectors in sulfide minerals [33] ................................................................. 27 
Figure 2.10. Structure of Chitosan Polymer[67] ............................................................... 31 
Figure 2.11. Branched network of channels in the froth [11] ........................................... 32 
Figure 2.12. Effect of frother type on froth retention time[77] ........................................ 33 
Figure 2.13. Effect of frother concentration on bubble coalescence[78]. ......................... 34 
Figure 2.14. Effect of particle size on froth stability[79] ................................................. 35 
Figure 2.15. Relationship between conditioning time and froth dynamic froth  
                     stability[79] .................................................................................................. 36 
 
Figure 3.1. Particle size distribution of the flotation feed ................................................. 47 
Figure 3.2. Mineralogical Composition of feed ................................................................ 48 
Figure 3.3. Box–Behnken design cube ............................................................................. 51 
Figure 3.4. Interlocking three 22 factorial design ............................................................. 51 
  
xiii 
Figure 3.5. Actual vs predicted values of Pb grade (%) and Pb recovery (%) ................. 56 
Figure 3.6. Actual vs predicted values of Cu grade (%) and Cu recovery (%) ................ 57 
Figure 3.7. Actual vs predicted values of Zn grade (%) and Zn recovery (%) ................. 57 
Figure 3.8. Actual vs predicted values of Fe grade (%) and Fe recovery (%) .................. 58 
Figure 3.9. Effect of collector (sodium isopropyl xanthate) dosage and flotation time  
                  on Pb Grade..................................................................................................... 59 
 
Figure 3.10. Effect of NaCN dosage and impeller speed on Pb Grade. ........................... 61 
Figure 3.11. Effect of NaCN dosage and flotation time on Pb Grade. ............................. 62 
Figure 3.12. Effect of the collector (sodium isopropyl xanthate) and Zinc Sulfate 
                     (ZnSO4) dosages on Pb recovery. ................................................................ 63 
 
Figure 3.13. Effect of the frother (MIBC) concentration and flotation time on Pb  
                     recovery........................................................................................................ 64 
 
Figure 3.14. Effect of the collector (sodium isopropyl xanthate) dosage and Zinc  
                     Sulphate  (ZnSO4) concentration on Zn grade. ............................................ 65 
 
Figure 3.15. Effect of the collector (sodium isopropyl xanthate) dosage and  
                     flotation time on Zn. .................................................................................... 66 
 
Figure 3.16. Effect of the frother (MIBC) and Zinc Sulphate (ZnSO4) concentrations 
                     on Zn grade. ................................................................................................. 66 
 
Figure 3.17. Effect of the frother (MIBC) concentration and impeller speed  
                     on Zn grade .................................................................................................. 67 
 
Figure 3.18. Effect of the NaCN dosage and impeller speed on Zn grade. ...................... 68 
Figure 3.19. Effect of Zinc Sulphate (ZnSO4) concentration and air flow rate  
                     on Zn grade .................................................................................................. 68 
 
Figure 3.20. Effect of Zinc Sulphate (ZnSO4) concentration and impeller speed  
                    on Zn grade. .................................................................................................. 69 
 
Figure 3.21. Effect of Zinc Sulphate (ZnSO4) concentration and flotation time 





Figure 3.22. Effect of the collector (sodium isopropyl xanthate) dosage and  
                     Zinc Sulphate  (ZnSO4) concentration on Zn recovery. .............................. 70 
 
Figure 3.23. Effect of the frother (MIBC) concentration and impeller speed  
                     on Zn recovery. ............................................................................................ 70 
 
Figure 3.24. Effect of the frother (MIBC) concentration and flotation time  
                    on Zn recovery. ............................................................................................. 71 
 
Figure 3.25. Effect of the collector (sodium isopropyl xanthate) dosage and frother  
                     (MIBC) concentration on Cu grade. ............................................................ 71 
 
Figure 3.26. Effect of the frother (MIBC) concentration and impeller speed 
                    on Cu grade. .................................................................................................. 72 
 
Figure 3.27. Effect of the collector (sodium isopropyl xanthate) dosage and frother 
                     (MIBC) concentration on Cu recovery. ....................................................... 72 
 
Figure 3.28. Effect of the frother (MIBC) concentration and impeller  
                     speed on Cu recovery. .................................................................................. 73 
 
Figure 3.29. Effect of the frother (MIBC) concentration and flotation time  
                    on Cu recovery. ............................................................................................. 74 
 
Figure 3.30. Effect of the NaCN and collector (sodium isopropyl xanthate) dosages 
                    on Fe grade. ................................................................................................... 74 
 
Figure 3.31. Effect of the NaCN dosage and frother (MIBC) concentration 
                     on Fe grade ................................................................................................... 75 
 
Figure 3.32. Effect of the NaCN dosage and Zinc Sulphate (ZnSO4) concentration 
                     on Fe grade ................................................................................................... 75 
 
Figure 3.33. Effect of the NaCN dosage and air flow rate on Fe grade ............................ 76 
Figure 3.34. Effect of the NaCN dosage and impeller speed on Fe grade ........................ 76 
Figure 3.35. Effect of the NaCN dosage and flotation time on Fe grade ......................... 77 
Figure 3.36. Effect of the NaCN and collector (sodium isopropyl xanthate)  
                     dosages on Fe recovery. ............................................................................... 78 
 
Figure 3.37. Effect of the NaCN dosage and frother (MIBC) concentration 




Figure 3.38. Effect of the NaCN dosage and Zinc Sulphate (ZnSO4)  
                     concentration on Fe recovery ....................................................................... 79 
 
Figure 3.39. Effect of the NaCN dosage and air flow rate on Fe recovery ...................... 79 
Figure 3.40. Effect of the NaCN dosage and impeller speed on Fe recovery ................... 80 
Figure 4.1. Structure of biodegradable polymer Chitosan Polymer. ................................ 83 
Figure 4.2. Froth stability experimental set up with high wall cell to  
                   prevent overflow of froth ............................................................................... 87 
 
Figure 4.3. Tracker software plotting graph between y (height of froth in cm) vs  
            t (time in seconds). ......................................................................................... 88 
 
Figure 4.4. Zeta potential measurements of mineral suspensions as a function  
                  of chitosan dosage at pH ~ 8 [67]. .................................................................. 91 
 
Figure 4.5. Flotation results of chitosan & NaCN at a dosage of 50 g/ton [67]. .............. 92 
Figure 4.6. Lead recovery and concentrate grade as a function of chitosan dosage in  
                   comparison with NaCN depressant [67]. ....................................................... 93 
 
Figure 4.7. Copper recovery and concentrate grade as a function of chitosan dosage in  
                   comparison with NaCN depressant [67]. ....................................................... 94 
 
Figure 4.8. Iron recovery and concentrate grade as a function of chitosan dosage in  
                   comparison with NaCN depressant [67]. ....................................................... 94 
 
Figure 4.9. Iron recovery and concentrate grade as a function of chitosan dosage in  
                   comparison with NaCN depressant [67]. ....................................................... 95 
 
Figure 4.10. Influence of flotation time on flotation recoveries of galena, pyrite and  
                     chalcopyrite at a chitosan’s dosage of 50 g/ton [67]. ................................... 97 
 
Figure 4.11. Effect of Chitosan dosage on dynamic froth stability and Pb recovery. ...... 98 
Figure 4.12. Effect of Chitosan dosage on dynamic froth stability and Cu recovery. ...... 99 
Figure 4.13. Effect of Chitosan dosage on dynamic froth stability and Fe recovery. ...... 99 
Figure 5.1. Vibra-cell sonicator for stabilizing nanoparticle suspensions. ..................... 104 
Figure 5.2. Central composite design ............................................................................. 105 
  
xvi 
Figure 5.3. Sequence of reagent addition for froth flotation tests involving  
                   nano materials .............................................................................................. 107 
 
Figure 5.4. Time vs froth height data obtained via tracker software for 14  
                   experimental runs conducted using Al2O3 nanoparticles as flotation aid. ... 113 
 
Figure 5.5. Time vs froth height data obtained via tracker software for 14 
                   experiment runs conducted using SiO2 nanoparticles as flotation aid ......... 115 
 
Figure 5.6. Plot showing the actual vs predicted values of Pb grade, Pb recovery, Cu 
                   grade, Cu recovery, Zn grade, Zn recovery, Fe grade, Fe recovery and  
                   dynamic froth stability in case of Al2O3 nanoparticles used in flotation. .... 121 
 
Figure 5.7. Plot showing the actual vs predicted values of Pb grade, Pb recovery, Cu  
                   grade, Cu recovery, Zn grade, Zn recovery, Fe grade, Fe recovery and  
                   dynamic froth stability in case of SiO2 nanoparticles used in flotation. ...... 124 
 
Figure 5.8. Optimum concentrations of frother (MIBC) and Al2O3 nanoparticles 
                    andcorresponding values of Pb grade, Pb recovery, Cu grade,  
                    Cu recovery,Zngrade, Zn recovery, Fe grade, Fe recovery and 
                    dynamic froth stability ................................................................................ 126 
 
Figure 5.9. Optimum concentrations of frother (MIBC) and SiO2 nanoparticles and  
                     corresponding values of Pb grade, Pb recovery, Cu grade, Cu recovery, 
                     Zn grade, Zn recovery, Fe grade, Fe recovery and dynamic  
                     froth stability .............................................................................................. 127 
 
Figure 5.10. Comparison of Pb grade, Pb recovery, Cu grade, Cu recovery,  
                     Zn grade, Zn recovery, Fe grade, Fe recovery and dynamic froth stability  
                     achieved in case of froth flotation tests carried with and without the aid of   
                      nanomaterials.Two types of nano materials namely Al2O3 and SiO2 were 
                      used. Results from the flotation tests without nano materials are 
                      represented by frother columns. ................................................................ 128 
 
Figure 5.11. Nanoparticles adsorption on the liquid-air interface. Nanoparticles 
                     effectively prevent small air bubbles from coalescence to form large  
                     bubbles. ...................................................................................................... 129 
 
Figure 5.12.  Effect of nano particles Al2O3 concentration on dynamic froth stability .. 130 
Figure 6.1. MVT deposits found throughout the world .................................................. 132 




Figure 6.3. Sequence of reagent addition for froth flotation tests for both sea and  
                   fresh water .................................................................................................... 136 
 
Figure 6.4. Time vs froth height data obtained via tracker software for 14 experiment  
                   runs conducted using fresh water. ................................................................ 142 
 
Figure 6.5. Time vs froth height data obtained via tracker software for 14 experiment  
                   runs conducted using seawater..................................................................... 144 
 
Figure 6.6. Plot showing the actual values vs predicted values of Pb grade,  
                   Pb recovery,Cu grade, Cu recovery, Zn grade, Zn recovery, Fe grade, 
                   Fe recovery and dynamic froth stability for fresh and seawater 
                   in flotation. ................................................................................................... 149 
 
Figure 6.7. Optimum concentrations of frother (MIBC) and collector and  
                   corresponding values of Pb grade, Pb recovery, Cu grade, Cu recovery,  
                   Zn grade, Zn recovery, Fe grade, Fe recovery and dynamic  
                   froth stability in the  case of freshwater. ...................................................... 152 
 
Figure 6.8. Optimum concentrations of frother (MIBC) and collector and 0 
                   corresponding values of Pb grade, Pb recovery, Cu grade, Cu recovery,  
                   Zn grade, Zn recovery, Fe grade, Fe recovery and dynamic 
                   froth stability in the case of seawater. .......................................................... 153 
 
Figure 6.9. Contour plot of dynamic froth stability with varying dosages of frother  
                  and collector in seawater. .............................................................................. 154 
 
Figure 6.10. Contour plot of dynamic froth stability with varying dosages of frother 
                    and collector in fresh water. ........................................................................ 154 
 
Figure 6.11. Contour plot of Pb recovery with varying dosages of frother and  
                    collector in seawater ................................................................................... 155 
 
Figure 6.12. Contour plot of Pb recovery with varying dosages of frother and  
                    collector in fresh water................................................................................ 155 
 
Figure 6.13. Contour plot of Cu recovery with varying dosages of frother and  
                    collector in sea water .................................................................................. 156 
 
Figure 6.14.  Contour plot of Cu recovery with varying dosages of frother and  






Figure 6.15. Comparison of Pb grade, Pb recovery, Cu grade, Cu recovery, 
                     Zn grade, Zn recovery, Fe grade, Fe recovery, and dynamic  
                     froth stability achieved in froth flotation tests with fresh and 
                     seawater as process water. ......................................................................... 157 
 
Figure 6.16. Thickness of froth layer affected by concentration of Ca2+, Mg2+  
                     and (SO4)
2-[129] ......................................................................................... 158 
 
Figure 7.1. RF Algorithm. Tn and Wn indicates the n
th tree and weight, respectively.  
                   If un-weighted method is used: W1 = W2 =….= Wn = 1. ............................ 164 
 
Figure 7.2. Schematic for MLP model with single hidden layer. Here: Xi = ith input 
                   variable, IN = Total number of neurons in input layer, HN = Total number 
                   of neurons in hidden layer, Wji = Hidden layer weight connecting hidden 
                   layer jth neuron and input layer ith neuron, Wkj = Output layer weight 
                   connecting hidden layer jth neuron and output layer jth neuron. ................ 166 
 
Figure 7.3. General schematic for Fuzzy logic system. .................................................. 167 
Figure 7.4. General ANFIS schematic with two crisp inputs ‘x’ and ‘y’ and one.  
                   output Here: ‘Ai’ and ‘Bi’ are the linguistic fuzzy input variables 
                    with i = 1,2 .................................................................................................. 170 
 
Figure 7.5. Real vs Predicted values plot for the training phase of the Random  
                  Forest (RF) model (A) Lead recovery and (B) Lead grade .......................... 174 
 
Figure 7.6. Real vs Predicted values plot for the training phase of the Random  
                  Forest (RF) model (A) Copper recovery and (B) Copper grade ................... 176 
 
Figure 7.7. Real vs Predicted values plot for the testing phase of the Random  
                 Forest (RF) model (A) Lead recovery and (B) Lead grade ........................... 176 
 
Figure 7.8. Real vs Predicted values plot for the testing phase of the Random  
                  Forest (RF) model (A) Copper recovery and (B) Copper grade ................... 177 
 
Figure 7.9. Variable Importance within Forest Model ................................................... 177 
Figure 7.10. Developed ANN model. Note: Black lines display the weight vectors  
                    b/w the neurons and blue lines show the added bias. ................................. 181 
 
Figure 7.11. Developed neural network with relative weight magnitudes and  
                     directions being displayed with the thickness and color of the line, 





Figure 7.12. Real vs Predicted values plot for the training phase of the ANN model  
                    (A) Lead recovery and (B) Lead grade ....................................................... 182 
 
Figure 7.13.  Real vs Predicted values plot for the training phase of the ANN model  
                     (A) Copper recovery and (B) Copper grade .............................................. 183 
 
Figure 7.14. Real vs Predicted values plot for the testing phase of the ANN model  
                    (A) Lead recovery and (B) Lead grade ....................................................... 183 
 
Figure 7.15. Real vs Predicted values plot for the testing phase of the ANN model  
                     (A) Copper recovery and (B) Copper grade .............................................. 184 
 
Figure 7.16. Gaussian membership functions for all the input variables of the  
                    Mamdani Fuzzy logic model ...................................................................... 184 
 
Figure 7.17. Real vs Predicted values plot for the training phase of the MFL model  
                    (A) Lead recovery and (B) Lead grade ....................................................... 185 
 
Figure 7.18. Real vs Predicted values plot for the training phase of the MFL model  
                    (A)Copper recovery and (B) Copper grade ................................................ 185 
 
Figure 7.19. Real vs Predicted values plot for the testing phase of the MFL model  
                     (A)Lead recovery and (B) Lead grade ....................................................... 186 
 
Figure 7.20. Real vs Predicted values plot for the testing phase of the MFL model  
                    (A) Copper recovery and (B) Copper grade ............................................... 186 
 
Figure 7.21. Gaussian membership functions for all the input variables of the  
                    ANFIS model .............................................................................................. 187 
 
Figure 7.22. Real vs Predicted values plot for the training phase of the ANFIS  
                    model (A) Lead recovery and (B) Lead grade ............................................ 188 
 
Figure 7.23. Real vs Predicted values plot for the training phase of the  
                    ANFIS model (A) Copper recovery and (B) Copper grade ........................ 188 
 
Figure 7.24. Real vs Predicted values plot for the testing phase of the 
                    ANFIS model (A) Lead recovery and (B) Lead grade ............................... 189 
 
Figure 7.25. Real vs Predicted values plot for the testing phase of the  
                    ANFIS model (A) Copper recovery and (B) Copper grade ........................ 189 
 
Figure 7.26. Gaussian membership functions for all the input variables of 




Figure 7.27. Real vs Predicted values plot for the training phase of the HyFIS 
                    model (A) Lead recovery and (B) Lead grade ............................................ 191 
 
Figure 7.28. Real vs Predicted values plot for the training phase of the HyFIS model  
                     (A) Copper recovery and (B) Copper grade .............................................. 192 
 
Figure 7.29. Real vs Predicted values plot for the testing phase of the HyFIS model  
                    (A) Lead recovery and (B) Lead grade ....................................................... 192 
 
Figure 7.30. Real vs Predicted values plot for the testing phase of the HyFIS model  
                    (A) Copper recovery and (B) Copper grade ............................................... 193 
 
Figure 8.1. 3D sketch of 2L Denver flotation cell. ......................................................... 203 
Figure 8.2. Detailed meshing of flotation cell with 221320 elements ............................ 204 
Figure 8.3. Properties of air used in the CFD model ...................................................... 205 
Figure 8.4. Details of the standard turbulence model used to calculate viscosity 




LIST OF TABLES 
                                                                                                                             Page 
 
Table 1.1. Major Type of sulfide ore deposits [5] .............................................................. 2 
Table 1.2. Technology gap assessment ............................................................................. 10 
Table 3.1. Three level experimental design with seven variable factors .......................... 53 
Table 3.2. ANOVA analysis results of the developed models ......................................... 55 
Table 4.1. Reagent (g/ton of ore) used in the different sets of flotation  
                 experiments [67] .............................................................................................. 85 
 
Table 5.1. Properties of nanoparticles used .................................................................... 103 
Table 5.2. General experimental design for flotation and froth stability tests ................ 106 
Table 5.3. Grade and recovery of Pb, Zn, Cu and Fe plus dynamic froth stability  
                  obtained in case of flotation when Al2O3 was used as flotation aid. ............ 109 
 
Table 5.4. Grade and recovery of Pb, Zn, Cu and Fe plus dynamic froth stability  
                  obtained in case of flotation when SiO2 was used as flotation aid. .............. 111 
 
Table 5.5. ANOVA analysis results of the developed models for flotation and froth  
                 stability experiments using Al2O3 nanoparticles............................................ 120 
 
Table 5.6. ANOVA analysis results of the developed models for flotation and froth  
                  stability experiments using SiO2 nanoparticles............................................. 123 
 
Table 6.1. General experimental design for flotation and froth stability tests ................ 135 
Table 6.2. Grade and recovery of Pb, Zn, Cu and Fe plus dynamic froth stability  
                  obtained in flotation when fresh water was used. ......................................... 138 
 
Table 6.3. Grade and recovery of Pb, Zn, Cu and Fe plus dynamic froth stability  









Table 6.4. ANOVA analysis results of the developed models for flotation and froth  
                 stability experiments using fresh and seawater. ............................................. 148 
 
Table 7.1. Quality analysis of Training and Test Data Sets ............................................ 175 
Table 7.2.  Performance Indicators for all the developed AI models ............................. 194 
  
1. INTRODUCTION 
1.1.  POLYMETALLIC SULFIDE MINERALS 
 
When sulfur anion combines with a metal or semi-metal cation, the resulting 
compound is termed as a sulfide mineral. This serves as the standard definition for sulfide 
minerals, but compounds having anions such as As or Sb are also included in the wider 
definition of these minerals. In addition, sulfo salts are also included in the sulfide 
mineral family. These sulfo salts are generally composed of Ag, Cu, Pb, As, Sb, Bi and S. 
Hundreds of minerals are included in the sulfide mineral group, but only four minerals  
namely pyrite, galena, sphalerite, pentlandite  and chalcopyrite are well known [1]. 
Sulfides can be regarded as the most important ore minerals as these are main sources of 
base metals like copper, lead, zinc, nickel and cobalt [2]. 
Sulfide minerals generally occur together rather than individually. As an example, 
in a deposit of galena, it is not unusual to find sphalerite, pyrite, and chalcopyrite. At 
times sulfide minerals occur along with precious metals like gold and silver [2], [3]. 
Table 1.1 shows how sulfide minerals occur in association with each other throughout the 
world. 
Sulfide mineral deposits are formed via two processes (i) crystallization of basic 
magmas, and (ii) sedimentation of brine solutions. Sulfide deposits which are formed as a 
result of igneous activity are mostly enriched with sulfide minerals like chalcopyrite, 
pyrite, pyrrhotite and Pentlandite [4]. Sulfide deposits associated with sedimentary rocks, 
on the other hand have galena, sphalerite and pyrite as the major form of sulfide minerals. 
Limestone is mainly the major host sedimentary rock especially in the Mississippi Valley 




Table 1.1. Major Type of sulfide ore deposits [5]. 
Type Major Ore 
Minerals* 
Examples 
Sulfide nickel deposits po, pn, py, cpy, viol Sudbury, Ontario, Canada 
Merensky reef platinum po, pn, cpy Merensky Reef, RSA 
Tin and tungsten skarns py, cass, sph, cpy, wf Pine Creek, CA, USA 
Zinc–lead skarns py, sph, gn Ban Ban, Australia 
Copper skarns py, cpy Carr Fork, Utah, USA 
Porphyry  copper/molybdenum py, cpy, bn, mbd  
Bingham Canyon, 
Utah;USA  
Climax, CO, USA 
Polymetallic veins py, cpy, gn, sph, ttd Camsell River, NWT, 
Canada 
High sulfidation ores py, enar, cov, ten, Au Summitville, CO, USA 
Cyprus-type massive sulfides py, cpy Cyprus 
Besshi-type massive sulfides py, cpy, sph, gn Japan 
Creede-type epithermal veins py, sph, gn, cpy, ttd, asp Creede, CO, USA 
Kuroko-type py, cpy, gn, sph, ttd, asp Japan 
Quartz pebble U–gold py, uran, gold Witwatersrand,  RSA 
Sandstone-hosted  lead–zinc py, sph, gn Laisvall, Sweden 
Sedimentary 
exhalative lead–zinc 





Mississippi Valley type py, gn, sph Missouri, USA 
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Where asp–arsenopyrite, Au–gold, bn–bornite, cass–cassiterite, cov–covellite, 
cpy–chalcopyrite, enar–Enargite, gn–galena, mbd–molybdenite, PGM–platinum group 
minerals, pn–pentlandite, po–pyrrhotite, py Pyrite, sph–sphalerite, ten– tennantite, ttd–
tetrahedrite, uran–uraninite, viol–violarite, wf–wolframite. 
Among sulfide deposits lead–zinc ores are the most extensively found throughout 
the world. Main areas where lead–zinc ores occur are the United States, Europe, South 
America, Africa, Balkan Peninsula, Australia, and Russia. Copper–lead–zinc ores share a 
common origin with lead-zinc ores. The only difference is the addition of copper as an 
extra valuable mineral in copper–lead–zinc ores. The most important geological 
formations in which lead–zinc and Copper–lead–zinc ores occur are (i) hydrothermal 
vein fillings and bodies, (ii) massive sulfide deposits and (iii) sedimentary deposits. The 
first type of deposits is found mainly in North America, Mexico, Russia and Peru. The 
second type (massive) of deposits is mostly found in Canada, Spain, and Turkey. The 
Viburnum Trend in Missouri is famous over the world for having the most sedimentary 
deposits (third type) [6], [7]. The complex Cu–Pb–Zn ores account for a 15% share of 
total world production. These ores contain 7.5% of the total world copper. [8]. 
 
1.2. EXTRACTION OF BASE METALS FROM SULFIFDE ORES 
 
Extraction of metals from complex sulfide ores requires multi-stage mineral 
processing. Flotation is the only technique in mineral processing that has been used 
successfully to process these ores [9]. Froth flotation uses the surface chemistry of 
minerals in a three–phase system that consists of solids, gas and water. Hydrophobic 
mineral particles are captured selectively and carried by air bubbles, to the froth product, 
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whereas hydrophilic minerals are discharged as tailings or rejected [10]. The two 
flotation methodologies used to process these ores are sequential flotation and bulk 
flotation. In sequential flotation each mineral in the ore is separated in different steps. 
Bulk flotation requires flotation of copper and lead minerals together in one step, while 
zinc and iron minerals are depressed. This is followed by activation of the flotation of 
zinc minerals. The bulk concentrate of copper and lead is then separated in different 
steps. A typical bulk flotation circuit for complex lead–zinc sulfide ore is shown in 








Each flotation methodology has its own pros and cons and adopting anyone 
method heavily depends upon the geology of the ore. However the most widely used 
method for treating complex sulfide ores is bulk flotation. Bulk flotation is normally 
carried out at an alkaline PH with sodium cyanide and ZnSO4 as pyrite and sphalerite 
depressants [9].  
 
1.3. STATEMENT OF THE PROBLEM 
 
Froth flotation is known to be one of the key enabling technologies that allow the 
selective separation of values from uneconomic mineral resources. Froth flotation utilizes 
the differences in the wettability of minerals in a three–phase system that consists of 
solids, gas and water. Despite the extensive and successful use of this process in ore 
enrichment, there are many challenges facing flotation operations of polymetallic 
sulfides. Froth zones in the case of sulfide mineral flotation have not been studied 
thoroughly. This makes it difficult to achieve the desired grade and recovery of metallic 
sulfide minerals [11]. Another challenge facing mineral processing plant is the 
continuous changes in the geology of the mine, which makes it difficult to achieve peak 
performance with constant variability of ore composition. Human experts on the behavior 
of flotation plants are few and far between and even if one is found, unfortunately may 
not be able to formulate his knowledge in a precise, convenient and certain manner. It is 
therefore of utmost importance to develop automatic monitoring and control system to 
run the processing plants [12].There are also environmental concerns over toxic sodium 
cyanide (used as iron depressant) as discharge products of sulfide flotation processes. 
Recent leakages of sodium cyanide at  mines throughout the world have raised the need 
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for eliminating sodium cyanide from the mineral processing industry as it uses 20 % of 
the total world production of cyanide [13]–[15]. Another major challenge facing mineral 
processing operations in general and sulfide mineral froth flotation processes in 
particular, is water supply. The severity of this challenge can be assessed through this 
quote; “The water required to operate a flotation plant may outweigh all of the other uses 
of water at a mine site, and the need to maintain a water balance is critical for the plant to 
operate efficiently” [16]. 
To address these challenges, future research efforts must focus on three major 
areas:  
1. A  comprehensive understanding of  the froth layer .  Understanding the factors 
effecting the stability and mobility of froth is very important to control the 
recovery and flow of froth. Froth stability is of crucial importance as it affects 
both the grade and recovery of the concentrate. By increasing the stability of the 
froth, the recovery also increases but the selectivity and thus the grade of the froth 
decrease due to the recovery of gangue material. Conversely, if the froth is 
unstable the overall concentrate recoveries will decrease, but this may enhance the 
grade. Therefore acquiring the correct stability of the froth is of paramount 
importance [17]. 
2. Integrating green chemicals to replace “toxic reagents.” Toxic reagents, like 
NaCN used in sulfide mineral flotation need to be replaced with biodegradable 
reagents. This will not only reduce the environmental hazards, but will also help 
to improve the sustainability of the process. 
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3.  Reducing freshwater intake. Currently, freshwater resources are becoming 
scarcer day by day. There is a need to conserve these resources. It is therefore 
required to cut down the freshwater usage in the sulfide mineral flotation process. 
4. Currently, in order to achieve peak flotation performance on daily basis, plant 
operators change the input variables of flotation plant based on the sampling 
results from the lab and froth color. There are a lot of inefficiencies in the plant 
operations due to human errors. The integration of artificial intelligence and 
machine learning to current plant practices will cut down human errors and can 
enhance the performance of flotation plant. 
This research work will contribute to the existing efforts to integrate and 
implement sustainability into the flotation process of complex sulfide ores and will 
address the challenges facing it. To accomplish this purpose, bulk flotation of complex 
sulfide ores containing galena, sphalerite, pyrite, chalcopyrite and dolomite was carried 
out using biodegradable reagents, nanoparticles and seawater. The effect of these 
materials on the froth stability was also quantified. Moreover, artificial intelligence and 
machine learning models were employed to contribute to the development of automatic 
plants of the future.  
 
1.4. OBJECTIVES OF THE CURRENT WORK 
 
The proposed research aims to contribute to the existing efforts to integrate and 
implement sustainability into the flotation process of complex sulfide ores. To 
accomplish this purpose, bulk flotation of complex sulfide ores containing galena, 
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sphalerite, pyrite, chalcopyrite and dolomite was carried out. The specific objectives of 
the current work were as follows: 
1. To optimize operation parameters used in froth flotation of complex sulfide 
minerals using statistical techniques. The seven control parameters investigated 
include collector (sodium isopropyl xanthate) dosage, frother (MIBC) dosage, 
impeller speed, air rate, pyrite depressant (NaCN) dosage, sphalerite depressant 
(ZnSO4) dosage and  flotation time.  
2. To investigate the possibility of replacing toxic NaCN with biodegradable 
polymer chitosan as pyrite depressant. Sodium cyanide interferes with the body’s 
ability to adsorb oxygen which may result in death. A dosage of 200 to 300 mg of 
sodium cyanide is considered fatal [18].Chitosan was chosen because of its 
biodegradability and abundance, and its recent success as a depressant of pyrite in 
single mineral flotation tests.  
3. To study the effect of nanomaterials on froth stability and flotation performance. 
Recently, nanomaterials were found to increase the recovery of barite via flotation 
processes. Nanomaterials provided an opportunity to control the froth stability 
without altering the operational parameters of the flotation process[19]. Motivated 
by these results nano–sized Fe2O3 and Al2O3 were used to study the effect of these 
nano materials in sulfide mineral flotation.  
4. To explore the possibility of using seawater as process water in order to save 
freshwater resources. The salinity of water affects froth stability and flotation 
performance. This study will test the effect of seawater salinity on sulfide ore 
flotation and will pave the way for its usage at plant scale. 
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5. To carry out artificial intelligence (AI) and machine learning (ML) modelling to 
predict the flotation performance of complex sulfide ores under different 
operational variables. To date, at plant scale, this has been done mainly through 
empirical methods. The empirical approach is not effective with regards to cost 
and control. Therefore, application of AI and ML is significant to optimize plant 
performance and rule out the human errors. 
Based upon the literature review above, key areas regarding froth stability to 
be explored through current research are identified in Table 1.2. 
 
1.5. BROADER IMPACTS AND INTELECTUAL MERIT OF THE PRESENT 
        WORK 
 
This research is a pioneering effort toward introducing nanomaterials and 
biodegradable reagents as process aids in the flotation of complex sulfide ores to further 
improve the sustainability of the process by increasing the economic gain and reducing 
the environmental impact. The economic gain was evaluated based on froth stability and 
its consequent effect on the recovery and the grade of the concentrate products. Further 
improvement in economics and plant operation was obtained through 
optimization of plant through statistical, AL and ML modelling.  The 
environmental profile of the flotation process was examined by quantifying the effect 
of seawater on the process outcomes to explore the potential of using seawater to 
reduce the freshwater intake. To the best of the candidate’s knowledge and based on 
extensive literature search, this study has undertaken these tasks to investigate these 
effects in the flotation of run-of-mine complex sulfide ores for the first time. 
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1.5.1. Broader Impact. This research will contribute immensely to the 
 existing  body of knowledge on froth flotation efficiency and froth stability in mineral 
processing. Results generated from this study will be beneficial at different frontiers. 
1.5.1.1. Economic benefits. Froth stability has a major effect on  the  
mineral grade and recovery in flotation process. A 1% increase in mineral recovery 
 
 
Table 1.2. Technology gap assessment. 
Key components Current technology Proposed technology 







Biodegradable polymers have been 
used in simulated ores and single 
mineral flotation. These polymers 
have shown promising results 
during the fundamental studies. 
Naturally occurring 
complex sulfide ores 
from Missouri were 
used for the first time to 
explore the impact of 
these polymers on froth 
stability. Results 
provided useful 
information to industry 
professionals. 
Nano materials as 
process aids to 
enhance froth 
stability 
Nano materials have been reported 
to increase froth stability in single 
mineral flotation tests. 
Effectiveness of nano 
materials in the flotation 
of real complex sulfide 








Till date Hybrid artificial 
intelligence and machine learning 
models have not been employed in 
mineral flotation process 
A total of five AI or ML 
models namely ANN, 
RF, Mamdani, ANFIS 
and HyFIS were 




The effect of seawater and flotation 
chemicals in stabilizing the froth in 
coal flotation and copper-
molybedenite ore has been studied. 
These studies helped to reduce the 
reagent consumption at processing 
plants. Freshwater resources have 
also been saved by this study. 
Seawater containing 
different ions will be 
used in a lab scale 
Denver flotation cell. 
The effect of inorganic 
electrolytes on froth 
stability and flotation 
performance in Sulfide 
ores will be studied. 
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during flotation is a great economic benefit. Understanding the factors affecting froth 
stability will benefit many industries besides the mineral processing industry, including 
food, emulsions, firefighting, shampoo, dish washing, petroleum, and many others. The 
use of nanomaterials to optimize froth stability has the potential of making froth stability 
a controllable factor. This development will enhance separation efficiency and selectivity 
of the flotation process. Moreover AI and ML modelling of the process will ensure peak 
performance of the plant. 
1.5.1.2. Environmental benefits.  The replacement of the toxic depressant, NaCN, 
 by the bio-degradable chitosan polymer will contribute towards more sustainable mineral 
processing operations by reducing the environmental footprint. Furthermore, the 
utilization of seawater will help to save freshwater resources and decrease the toxic waste 
produced at the plant sites. 
1.5.2. Intellectual Merit. This work has contributed to a better understanding 
 about the factors that influence the froth phase stability. Considerable information 
has been generated through the different phases of this work that and will broaden the 
knowledge in the field of sulfide mineral flotation. The findings of this study should 
also advance the fundamental knowledge in different areas in science and engineering 
as follows: 
1. Understanding the interaction mechanism between mineral particles in the 
flotation pulp and the polymer through electro kinetic measurements has 
contributed to the fields of polymer and colloid science.  
2. Understanding the effect of nanoparticles in controlling froth stability has 
contributed to the field of nanotechnology.  
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3. The effect of seawater on froth flotation performance will contribute towards 
understanding the effect of ions in water towards effectiveness of foaming agents. 
4. AI and ML modelling will contribute towards integration of new technologies to 
the mineral processing industry and will pave the way for automatic plants of the 
future. 
 
1.6. ORGANIZATION OF THESIS 
 
This thesis includes eight sections discussing the challenges and possible remedial 
strategies concerning complex sulfide ore flotation. 
Section 1: This Section presents the purpose of this project. It includes the 
formation and geology of sulfide minerals. General extraction strategies for complex 
sulfide ores are briefly introduced. The problems in sulfide mineral processing are 
outlined. The impact of this study on different disciplines of science and its intellectual 
merit is depicted. The specific objectives and outline of the thesis are included herein. 
Section 2: This Section reviews the background of this project. It contains 
fundamentals of froth flotation and the reagents and equipment used in the flotation 
process. Specific details on the sulfide mineral flotation processes are included. Statistical 
methods regarding the optimization of flotation process are discussed with a special 
emphasis on response surface methodology (RSM). Literature regarding the application 
of biodegradable polymers as reagents, nano material usage for froth stability, and the 
possibility of seawater usage in sulfide ore flotation is reviewed. Factors affecting froth 




Section 3: This Section describes the application of response surface 
methodology (RSM) for modeling and the optimization of seven process variables of 
sulfide ore flotation. A three-level Box–Behnken design combined with RSM was 
employed for modeling and optimizing seven operation parameters of the bulk flotation 
of galena and chalcopyrite. Quadratic mathematical models were derived for the 
prediction of Pb, Cu, Zn, and Fe recovery. These models were then used to find the 
optimum operational parameters to achieve the desired flotation results.  
Section 4: This Section investigates the possibility of using chitosan polymer as a 
potential selective green depressant of pyrite in the bulk flotation of galena (PbS) and 
chalcopyrite (CuFeS2) from sphalerite (ZnS) and pyrite (FeS2) using sodium isopropyl 
xanthate as a collector and 4-methyl-2-pentanol (MIBC) as a frother. Results of the 
investigation are presented. 
Section 5: This Section focuses on the possibility of using nano materials as froth 
stabilizing agents. The flotation tests of sulfide ore in the presence of Al2O3 and SiO2 
nanoparticles were conducted. Froth stability tests using the nano materials were also 
carried out. 
Section 6: This Section aims at understanding the challenges of using seawater in 
sulfide mineral flotation and its effect on froth stability. Flotation reagents’ dosages were 
varied to find the optimum dosages in case of seawater flotation. Correlation among froth 
stability, grade and recovery of the concentrates was explored to better understand and 
tackle the challenges of using seawater as process water. 
Section 7: This Section describes the application of AI and ML for modeling of 
seven process variables to predict the grade and recovery of Pb, Cu, Zn, and, Fe in the 
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bulk flotation of galena and chalcopyrite. This will lay the ground work toward 
adoptation of enhanced automated flotation performance in future. 
Section 8: This Section encompasses the main conclusions and contributions of 










2. LITERATURE REVIEW 
2.1. FROTH FLOTATION PROCESS 
 
Froth flotation was patented in 1906 and is considered the most versatile and 
important mineral processing technique [9]. It has found widespread use in the mineral 
processing industry especially in processing of low–grade ores. For efficient separation , 
froth flotation needs to be employed for particle sizes ranging from10 to 100 μm [20]. 
The froth flotation process exploits the difference in surface hydrophobicity of mineral 
particles. Hydrophobic mineral particles are selectively captured and carried by air 
bubbles to the froth product, whereas hydrophilic minerals are discharged as tailings or 
rejected. The effectiveness of particle bubble attachment depends on three things: 
collision, attachment and detachment [21]. 
2.1.1. Probability of Collision.  When a bubble of radius Rb rises through 
slurry, it creates a disturbance in the form of streamlines around itself. Due to this 
disturbance created around the bubble, any particle outside the limiting radius Rc does 
not collide with the bubble (Figure 2.1). 
The probability of collision Pc is defined as the fraction of particles in line with 
the rising bubble that actually collide with the bubble. In order to calculate this 
probability, different models are used to measure probability of collision [21].One of the 
most widely used models is given in Equation 1. 
Where Db is the bubble size, Dp is the particle size, and, Re is the Reynolds number of the 
bubble [22], [23]. The equation indicates that within effective size range for flotation, the 



















Figure 2.1. Collision pattern amongst bubble and particle [21]. 
 
 
2.1.2. Probability of Adhesion.  Once particle –bubble collision happens,  
a three step process takes place for the particle to get attached to the bubble as shown in 
Figure 2.2. During first step, liquid film between particle and bubble becomes thin to a 
critical level (hcr), secondly this film ruptures to form a three phase contact (TPC) nuclei 
of critical wetting radius (rcr), thirdly TPC line expands to form a stable wetting 
parameter with penetration depth (h) depending upon the hydrophobicity of the 
particle[24], [25]. The time it takes to complete all these steps is called attachment 
time(tat), while the time taken for thining and rupturing of film1.1.1. (First two steps ) is 





Figure 2.2. Particle –bubble attachment process ([21], [24], [26]). 
 
 
For particle bubble attachment another important time to consider is the sliding 
time (ts).It is the time taken by the particle to slide along the bubble surface. A smaller 
induction time as compared to sliding time results in particle getting attached to the 
bubble and vice versa. The model for calculating probability of attachment(Pa) is given 















Here Ub is bubble rising velocity. Equation 2 indicates that probability of 
attachment increases with the increase in particle hydrophobicity (induction time) ti, 
particle size and bubble rising velocity. On the other hand probability of attachment 
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seems to decrease with increasing bubble size. From these observations it can be 
concluded that for increasing probability of particle bubble attachment, smaller bubbles 
and larger particle size with higher degree of hydrophobicity are preferred. 
2.1.3. Probability of Detachment.  After attachment as the bubble laden with 
 particles moves up, some of the particles get detached and fall back into the pulp phase. 
The cause for the detachment is the increase of detaching forces as compared to the 











 3(1 − cos θd)γ























        (3) 
 
Where ρb is bubble density, ρw is water density θd is polar position for detachment. 
Equation 3 suggests increase of Probability of detachment with increase in particle size 
and bubble diameter. It can therefore be concluded for increase in recovery, smaller 
particle size, small bubble size and more hydrophobic particles are recommended. 
These probabilities of collision, attachment and detachment define the flotation 
performance. As reported in literature, there are around 100 variables that affect these 
probabilities and  flotation performance [29]. These process variables include 
physiochemical factors such as water chemistry, reagents chemistry, temperature, 
interfacial forces and hydrodynamic factors such as circuit design, cell type and 
aeration rate. Moreover, feed characteristics such as mass flowrate, mineralogy, 
liberation size, and particle size distribution are detrimental factors of the process 
outcome [30]. A froth flotation cell consists mainly of two major zones (i) two-phase 
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pulp zone (ii) three-phase froth zone. Efficient flotation depends on the characteristics 
of both the pulp and the froth zone [31].  
2.1.4. Reagents Used in Froth Flotation. Froth flotation separates minerals on  
the basis of surface properties. For a mineral to get attached to the bubbles, it should have 
a certain degree of hydrophobicity owing to its surface properties. The selective 
attachment of hydrophobic minerals to air bubbles determine the efficiency and 
performance of the process. In order to change the surface properties in favor of flotation 
various reagents are used in the flotation process. These reagents include Collectors, 
frothers and regulators [32]. 
2.1.4.1. Collector.  Collectors are the organic compounds which render the  
mineral surface hydrophobic by adsorbing onto its surface [33]. Collector molecules can 
be ionizing or non-ionizing. Non ionizing collectors do not dissociate in water and work 
by covering the mineral surface in form of a thin film, hence making the mineral surface 
hydrophobic. Ionizing collectors however dissociate into ions when dissolved in water. 
Non ionizing collectors normally consist of complex hetero type molecules. These 
molecules consist of a polar and non-polar group. Non polar group is a hydrocarbon 
while polar group can be of any type. Ionizing collectors are classified on the basis of 
type of ion, responsible for inducing hydrophobic effect to the mineral. Detailed 
classification of collectors is illustrated in Figure 2.3 [9], [34]. 
In an ionizing collector, polar group attaches to the mineral surface through 
electrical, physical or chemical attraction while non polar hydrophobic group extends into 









Figure 2.4. Working mechanism of ionizing collectors [9]. 
 
 
2.1.4.2. Frothers.  Frothers are nonionic heteropolar compounds. These are 
 responsible for the stabilization of bubble formed in pulp phase, thus help in formation 
of a stable froth. These reagents also assist in achieving the desired flotation kinetics. The 
hydroxyl, ester or carbonyl groups determine the frothing ability of a frother. Alcohols, 
polyglycols, aloxyparaffins are regarded as the three main classes of the frothers. Frother 
has a non-polar hydrophobic tail and a polar end which forms hydrogen bonding with 
water as shown in Figure 2.5.  
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Frothers do not form any bond with the mineral. This is the reason, frothers are 




Figure 2.5. Functioning of frother[9]. 
 
 
Most widely used frothers are alcohols as these carry no collector properties. This 
lack of collector property makes these frothers ideal for flotation process. Pine oil and 
Cresol (cresylic acid),CH3C6H4OH are the most widely used natural frothers. Synthetic 
frothers based on high molecular weight alcohols and polyglycol ethers have also become 
popular among froth flotation plants. Methyl iso butyl carbinol (MIBC) is the most widely 
used synthetic frother[9]. 
2.1.4.3. Modifying reagents.  Modifying reagents is the most important class of  
reagents used in sulfide mineral flotation. Collector selectivity and efficiency heavily 
depends upon the careful use of these reagents. These reagents sometimes enhance the 
adsorption of collector on specific minerals while other times depress the adsorption of 
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collector. These modifying reagents are therefore can be classified generally into two 
groups, activators and depressants [37]. The classification of modifying reagents on the 




Figure 2.6. Classification of modifying reagents on basis of type[37]. 
 
2.1.4.4. Activators.  Activators are chemicals that facilitate the adsorption of 
 collectors on mineral surfaces . These are generally salts which dissociate in water to 
form ions. Sodium sulfate, lead nitrate, copper sulfate and hydrogen sulfate are amongst 
widely used activators[34].PH modifiers like lime and sulfuric acid can also be regarded 
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as activators ,as change in pH caused by these ensure selective adsorption of 
collector[38].  
2.1.4.5. Depressants.  Depressants render minerals hydrophilic, thus retarding 
 their flotation. There are many types of depressants and phenomenon associated with 
these is varied and complicated. Depressants can however be generally classified into 
inorganic and organic depressants. Inorganic depressants are extremely useful when two 
are more minerals in the pulp have same floatability. Amongst the most widely used 
inorganic depressants are lime and cyanide ions. Sodium silicate, permanganates, ferro 
cyanide and sulfur dioxide are some examples of the inorganic depressants. Organic 
depressants are the ones with molecular weights higher than 10,000.The depressing 
mechanism of organic depressants is not clear. Polysaccharides, polyethers and 
polyphenols are some examples of organic depressants[9], [38]. Slime coatings are 
considered as natural depressants.  Slime coating occurs when colloidal mineral matter 
form a coat on the surface of the mineral and hence inhibit the adsorption of collectors 
that results in decreasing the flotation recovery and deteriorating the quality of the 
concentrate products. 
2.1.5. Equipment in Flotation.  Mechanical and column flotation cells are the two  
most widely used machines to carry out froth flotation in mineral industry. In column 
flotation cells, the  flotation feed has a counter current contact with air bubbles. 
Hydrophobic feed particles move down under the action of gravity colloid with the air 
bubbles that move in upward direction. Hydrophilic particles on the other hand follow the 
downward motion under gravity. This way separation takes place on basis of surface 
properties of minerals.  The froth zone consists of an approximately 1 m froth bed. Wash 
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water is distributed over the top of the froth to ensures the production of  high grade 





Figure 2.7. Column flotation cell [40]. 
 
Opposed to column flotation cells, mechanical flotation cells have a mechanically 
driven impeller which disperses the slurry and breaks the incoming air into bubbles. Due 
to the intense agitation of slurry in mechanical cells, the probability of entrainment and 
transportation of gangue particles to the concentrate is high. Thus mechanical flotation 
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cells may achieve higher recovery than column flotation cells but usually have lower 




Figure 2.8. Schematic diagram of a typical Denver D-R flotation cell [9]. 
 
2.2. SULFIDE MINERAL FLOTATION 
 
Flotation has exclusive success in treating complex sulfide ores. It is therefore 
regarded as the source of 95 percent base metals in the world. Sulfides are the largest 
group of minerals which are treated by flotation[42]. Complex sulfide ores from run-of-
  
26 
mine contain chalcopyrite, galena, sphalerite and pyrite as the main valuable minerals 
which are the most important sources of copper, iron, lead and zinc metals. Processing of 
such complex ores is of vital importance[7].Sequential and bulk flotation of sulfide ores 
is carried out to process sulfide ores. Different minerals are processed at different stages 
when carrying out sequential flotation. Bulk flotation on the other hand requires flotation 
of copper and lead minerals together in one step, while depressing the zinc and iron 
minerals. This is followed by the activation and consequent flotation of zinc minerals. 
Bulk concentrate of copper and lead is then processed at later stages to separate copper 
from zinc [9].  
For sulfide minerals, xanthates are the most extensively used collectors. The 
xanthates are however not selective and can get adsorbed on different types of sulfides 
which is one of the drawback in application of these chemicals. This problem is solved by 
adding modifiers to enhance the selectivity of these collectors[43]. Two major groups of 
sulfide mineral collectors are shown in Figure 2.9. Thionocarbamates, thiourea, 
derivatives of phosphoric acid, glyoxalidine, mercapto-benzo-thiazoles and 
aminothiophenols are amongst the most important collectors for sulfide minerals[43]. 
Sodium and potassium Iso propyl xanthate, Potassium amyl xanthate, ditiophosphate are 
commonly used frothers in sulfide mineral flotation[44][45]. 
In sulfide mineral processing, MIBC, DOW 250, pine oil and glycol are the most 
commonly used frother [35][36]. 
Modifying reagents affect the adsorption of collector on sulfide mineral surfaces in 
different ways under different conditions. For example, CuSO4 acts as an activator for the 




Figure 2.9. Collectors in sulfide minerals [33]. 
 
 
adsorption of collector on the sphalerite surface, thus enhancing its floatability. On the 
other hand, sodium cyanide which is a depressant for sphalerite, dissolves copper from 
the sphalerite surface. This inhibits the adsorption of collector on sphalerite surface to 
make it less floatable.. In certain cases modifying reagents act as collector scrubbers. In 
such instances, modifying reagents remove the coatings of collector from certain minerals 
making these minerals unable to float. In sulfide mineral processing, Sodium sulfide 
depresses the flotation of galena and sphalerite by this phenomenon. Some modifying 
reagents have the ability to make the surface of minerals hydrophilic by adsorbing onto 
the surfaces of these minerals. Modification of the pulp’s pH is another popular way to 
control the floatability of various minerals. This can be understood by the non-floatability 
of pyrite under alkaline conditions, however at neutral or acidic PH, pyrite becomes 
floatable[37]. Starch, soda ash,  NaCN, Lime, ZnSO4, Na2SiO3 and dextrin are some of 
the most common modifying reagents used in sulfide mineral flotation[37]. 
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2.3. OPTIMIZATION OF SULFIDE MINERAL FLOTATION 
 
Sulfide mineral flotation is a complex and an expensive process involving various 
reagents with a number of different variables involved. Optimization of all those 
important variables is of utmost importance for designing an efficient and economical 
floatation set up. With flotation of such complex sulfide, it's important to obtain the 
optimum conditions and characteristics which will yield the desired output. Response 
surface methodology (RSM) is an excellent alternative to the factorial design especially 
when a quadratic effect is expected for a factor, as a higher number of experiments would 
be required with higher level factorial design required in the aforementioned situation. 
Response surface methodology (RSM) can be used for analyzing a problem in which the 
relationship between the response variable (dependent variable) and all the influencing 
variables for that outcome is unknown with the objective being the optimization of the 
response variable [46], [47]. RSM starts with finding a proper approximation function, a 
low or a high order polynomial, to define the relationship between the response and the 
independent variables. Due to the ease in parameter estimation and flexibility in 
application, second-order polynomial models are widely used in RSM [48]. In general, 
central composite design (CCD), Box – Behnken design (BBD) and Doehlert designs are 
the most common methods in RSM.  
RSM has been employed by different researchers for experimental design and 
optimization of the independent variables. Martinez et al. [49] used factorial experimental 
design methodology for designing the floatation tests for evaluating the effect of the three 
important variables on the grade and recovery of celestite and obtained the optimum 
value for each variable. Obeng et al. [50] used the central composite design for designing 
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the experimental set up for evaluating the effect of four different independent variables 
on the three-product cyclone performance. Kalyani et al. [51] used the response surface 
methodology to obtain the optimum values for the three involved independent variables 
in the process of coal flotation. Aslan and Fidan [52] used Box – Behnken combined with 
response surface methodology for evaluating and optimizing the three most important 
variables involved in lead floatation. The variables studied were potassium amyl xanthate 
(KAX) as a collector, sodium sulfide (Na2S) and pH .Aslan et al. [53] used response 
surface methodology for optimizing the four process variables (kerosene dosage, sodium 
silicate dosage, agitation speed and scrubbing time) in graphite concentrate production 
with central composite design used for designing the experimental layout. Mehrabani et 
al. [54] used response surface methodology for optimizing the three control variables 
(activator (CuSO4) dosage, collector (potassium amyl xanthate (PAX)) dosage and pH) to 
maximize the separation efficiency in zinc – lead flotation. Central composite design 
(CCD) is the most popular RSM method and is widely used for experimental design and 
optimization work [46], [55]. Box – Behnken design (BBD) is however slightly more 
efficient than central composite design [56]. 
 
2.4. APPLICATION OF BIODEGRADABLE POLYMERS IN SULFIDE 
MINERAL FLOTATION 
 
Sulfide mineral flotation utilizes a variety of chemical reagents to achieve 
efficient separation of different minerals. Some of these reagents bring harmful impacts 
to the environment because of the toxic nature of these reagents [57]. Among these toxic 
reagents, cyanide is regarded as the most toxic one. Cyanide in form of sodium cyanide is 
used in sulfide mineral flotation to depress ferro and zinc containing sulfide minerals. 
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This ability of cyanide was discovered in the nineteenth century and since that time it 
has been used as one of the main reagents in sulfide mineral flotation [58][59][60][61]. 
Due to recent advances in polymer field, a number of polymers have been discovered 
which are very adoptable and can be cheaply prepared [59].Owing to this advancement, 
polymers have been tried to replace harmful reagents in sulfide mineral flotation. Among 
other polymers, polyacrylamide-based polymers are the most extensively employed in 
sulfide mineral flotation as multifunctional reagents. Different functional groups can be 
attached to Polyacrylamide polymers. This gives these polymers a unique capability to be 
used as collectors, depressants, activators, or modifiers. Polyacrylamide polymers 
(PAMs) with different functional groups have been successfully used to depress ferrous 
sulfide minerals in sulfide mineral flotation and ash minerals in coal flotation [62][58]. 
Another promising polymer Chitosan has recently been successfully tested as a 
depressant for ferro minerals in simulated sulfide mineral flotation. Chitosan has a lot of 
positive aspects which indicate it’s broader application in future mineral processing 
systems. It is abundant, biodegradable, and bio compatible, while conventional 
depressants for ferro minerals (NaCN) is highly toxic [63][64][65][66]. The structure of 
Chitosan polymer is shown in Figure 2.10. 
 
2.5. FROTH STABILITY AND ITS MEASUREMENT 
 
Extensive research work has been done to study the flotation pulp while froth 
layer has not been investigated as thoroughly. During last two decades, froth structure 
and stability has attracted more attention due to its critical role in achieving the desired 




Figure 2.10. Structure of Chitosan Polymer[67]. 
 
 
to the overall outcome of any flotation process. The mobility of the froth can be described 
as the froth’s ability to move from the flotation cell into the launder, whilst stability of 
the froth phase is the time of the froth’s persistence or the froth’s ability to resist bubble 
rupture and coalescence[32] .Froth stability is of crucial importance as it affects both the 
grade and recovery of the concentrate. By increasing the stability of the froth, the 
recovery also increases but the selectivity and thus the grade of the froth decreases due to 
the recovery of gangue material. Conversely, if the froth is unstable the overall 
concentrate recoveries will decrease, but this may enhance the grade[68], [69][70]. 
Acquiring the correct stability of the froth is therefore of paramount importance[17]. 
The bubbles in the froth phase are separated by thin films. Three of these films 
combine together at 120 degree to form a plateau border. Four of these plateau borders 
form a vertex. Plateau borders in the froth phase make a branched network of channels as 
shown in Figure 2.11 [11][71]. Bubbles transform shape from sphere to angular as it 
moves up the froth. The liquid content also drops with the height of the froth[72]. 
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2.5.1. Factors Affecting Froth Stability.  Froth stability is effected by a  
number  of factors. A deep understanding of influence of these factors upon froth stability 




Figure 2.11. Branched network of channels in the froth [11]. 
 
 
major factors influencing froth stability include the type and the concentration of the 
frother, the nature and the concentration of the particles, the size of the particles, the 
shape of the particles, the conditioning time of the flotation feed, the temperature, the air 
rate and the salt concentration [73]. 
2.5.1.1. Frother type.  It has been observed that frother of higher molecular 
 weights tend to produce more viscous and stable froths. It can be seen from Figure 2.12 
that the retention time of the froth and hence its stability depends upon the type of frother 
used. It is clear from Figure 2.12 that frothers of intermediate molecular weight (Poly 
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Propylene Glycol (PPG) 400 and PPG 725) produced more stable froth as compared to 
lower(PPG 192 and MIBC) and higher (PPG 1000) molecular weight frothers [74]. 
Frother’s structure also plays an important role in respect of froth stability., Frothers with 
polyglycol structures tend to produce stable froths as compared to alcohol based frothers 
[75], [76].It is therefore important to consider the appropriate type of the frother to be 




Figure 2.12. Effect of frother type on froth retention time[77]. 
 
 
2.5.1.2. Frother concentration.  Frother concentration controls size of the  
bubbles by controlling the coalescence of the bubbles. As frother concentration is 
increased, bubble coalescence decreases. This decrease in bubble coalescence increases 
the froth stability. The bubble coalescence is totally prevented at a particular 
concentration. This concentration is known as Critical Coalescence Concentration 
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(CCC).Increase in frother concentration above this critical concentration loses its effect 
on bubble size and hence froth stability (Figure 2.13). It is therefore recommended to use 
other parameters like sparger design and shape to control any further froth stability once 
frother reaches this concentration. Frother is believed to decrease the bubble size  as it 
reduces the surface tension induced by the addition of surfactants. An icrease in frother 




Figure 2.13. Effect of frother concentration on bubble coalescence[78]. 
 
 
2.5.1.3. Size and shape of the particle.  Froth stability has been reported to be  
influenced by the particle size. During investigation on Platinum Group Metal (PGM) 
ore, froth stability was found to increase as particle size decreased (Figure 2.14) [79].  
Another study using silica particles also reported more stable froths in case of finer silica 
particles. Ability of finer particles to yield stable froths is attributed to the capillary 
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mechanism of these particles owing to the smaller size of these as compared to the film 
thickness. In case of coarse particles, a decrease in froth stability is caused by rupturing 
of the foam films due to the large size of these particles [80].  
In addition to particle size, particle shape is also important in determining the 
stability of froth. Investigations reveal that rounded particles take 0.08 more seconds to 
rupture the foam film as compared to the sharp edged particles. This property lets round 





Figure 2.14. Effect of particle size on froth stability[79]. 
 
 
2.5.1.4. Concentration of the particles.  Concentration of the particles in  
conjunction with hydrophobicity and particle size effects froth stability in a positive 
manner. In a fundamental study carried out with silica particles, when silica particle 
concentration increased from 0 to 10 % , the froth stability increased by increasing the 
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bubble life time and hydrated thickness[81]. Another investigation on silica particles 
have also reported an increase in froth stability with the increase in particle concentration 
[81]. This increase in foam stability can be explained by the decrease in  the film 
drainage at higher particle concentration [82], [83].  
2.5.1.5. Conditioning time of feed particles.  Dynamic froth stability is affected  
by the conditioning time of the particles. An inverse relationship has been observed 
between froth stability and conditioning time. During a study carried on platinum ore, 
considerable decrease in dynamic froth stability was observed as the conditioning time 








As conditioning time is increased, collector adsorption on mineral surface also 
increases. This results in an increase in the hydrophobicity of the particles above the 
critical values which destabilizes the froth [79], [80].  
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2.5.1.6. Salt concentration and temperature.  Salt concentration and  
temperature are also prominently found to affect froth stability. As temperature of 
solution increases, froth stability decreases. On the other hand an increase in salt 
concentration increases froth stability[73]. 
2.5.2. Froth Stability Assessment.  Different methods can be used to assess the  
stability of the froth layer. Water recovery and the change in the froth appearance are 
used as indicators of froth stability. The methods of water recovery and bubble burst rate 
in combination are proven to give the best estimate of froth stability[17]. Some of the 
popular methods for froth stability assessment are given below 
2.5.2.1. Froth maximum height at equilibrium.  It is one of the most widely  
used technique for measuring froth stability [84][85]. As air is introduced in the cell, the 
froth starts growing. Pictures are taken during the froth growth until it reaches a 
maximum equilibrium height depending upon its stability. The froth maximum height at 
equilibrium is measured directly. The higher the value of maximum height at equilibrium, 
the more stable is the froth and vice versa [80], [86] . 
2.5.2.2. Froth growth velocity.  Froth growth velocity is an important parameter  
to quantify froth stability [87]. It is measured by recording the time the froth takes in 
reaching maximum equilibrium height. Higher velocity indicates more stable froth [80], 
[86]. 
2.5.2.3. Dynamic froth stability factor.  Dynamic froth stability factor will be  









   (4) 
 
Where Σ = dynamic froth stability, Vf = foam volume, Hmax =total foam height, Q 
= gas volumetric flow rate, A is cross sectional area of the cell[73], [80], [86]. A stable 
froth tends to have a higher dynamic froth stability factor. In general, the recovery of the 
minerals increases with the increase in the stability of the froth. 
2.5.2.4. Air recovery.  Air recovery is the fraction of air which flows over the top  








Where 𝛼 𝑖s air recovery, Qair concentrate is air flow rate in the concentrate and 
Qair pulp is air flow rate entering cell.  Larger value of air recovery indicates stable froth 
and vice versa. 
2.5.2.5. Bubble burst rate. Video footage of the top of the froth is recorded to 
 measure the top-of-froth bubble burst rate. More bursting events indicate unstable froth 
[91][92][80][93]. 
In the course of this study dynamic froth stability was used as the measure of 
froth stability in different flotation tests carried out. Froth growth velocity, air recovery, 




2.6.  NANO MATERIALS FOR FROTH STABILITY 
 
Froth stability can be achieved by selecting the optimum flotation process 
variables. Frothing agents are also widely used to stabilize the froth. In addition to 
these techniques small solid particles can also provide stability to froth due to their 
attachment with planar or curved liquid interfaces. The main factors effecting froth 
stability with respect to feed particles are concentration, shape, hydrophobicity and size 
[94]. Different researchers have found that as percentage of solids in froth increase, rate 
of detachment in the froth phase is decreased and vice versa [95].Results from the 
study conducted by R. M. Rahman,et.al [96] show that particle size strongly effects 
froth recovery. Fine particles tend to enhance froth recoveries while the coarse 
particles have more probability of detachment from the froth zone. The role of flotation 
reagents has also been studied since it has a major effect on the surface chemistry of 
different components of the froth layer. Colloidal particles, for example, are found to 
stabilize air bubbles. These colloidal particles can thus be used as froth stabilizer in the 
flotation process [97]. Starch particles are also found to improve froth stability by reducing 
film drainage and increasing viscosity of foaming solution as reported by [98]. In a 
recent study  an increase in the recovery of barite was achieved by utilizing nanosized 
Fe2O3 and Al2O3 at deep froths [19]. It has also been reported that nano particle are 
expected to considerably improve the performance of the column flotation cells 
[ 1 9 ] . Flotation experiments on ultramafic nickel ores and glass beads have 
demonstrated that conventional water-soluble molecular collectors could be partially 
or completely replaced by colloidal hydrophobic nanoparticle flotation collectors. For 
a good recoveryof beads polystyrene nanoparticles can be more effective than 
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conventional molecular collector requires [99][100]. Frother blends with combinations 
of alcohol and propylene glycols have been reported to increase froth stability and grade 
and recovery of the flotation process[101]. All of the previous studies were performed on 
model systems that consist of either a single pure mineral or artificially mixed pure 
minerals. Therefore, this study investigated the effect of nanoparticle addition on the 
processing of real complex sulfide ore. 
 
2.7. SULFIDE MINERAL FLOTATION IN SEA WATER 
 
One of the major challenges facing mineral processing operations in general and 
froth flotation process in particular is water supply. The availability of water is a long-
term concern for most mining operations. “The water required to operate a flotation plant 
may outweigh all of the other uses of water at a mine site, and the need to maintain a 
water balance is critical for the plant to operate efficiently”[16] . At US mines, plant 
water can be re used to save fresh water resources. However,  water reuse results in 
increased salinity in site water ponds, which is largely driven by evaporation and ongoing 
salt inputs from soil, minerals and groundwater [102]. The use of waste or sea water 
containing inorganic electrolytes can save the fresh water resources from being used 
[103] [104].Improved bubble stability has been reported by several researchers in 
flotation in saline conditions. Inorganic salts help in stabilizing bubbles by decreasing 
coalescence. These salts also increase the ability of frother to reduce the surface tension 
of solutions hence stabilizing the froth [105]. Frothers can also be replaced by inorganic 
electrolytes such as NaCl [103], [104]. Keeping this in mind, there is a possibility to 
effectively use waste water treated by inorganic electrolytes for the flotation of minerals. 
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Ejtemal, et.al concluded that copper uptake by sphalerite decreases in the presence of 
calcium and magnesium ions [106]. This finding suggests to remove these ions to 
enhance copper activation of sphalerite. Moimane et.al conducted study on PGM-bearing 
ore from the Merensky reef [107]. Results indicated that as the ionic strength of the plant 
water increased, the recoveries of PGM increased and the effect on decreasing the 
concentrate grade was minimal. Therefore, it was concluded that the practice of water 
recycle and reuse should not impose any adverse impact during beneficiation of the tested 
ore. A similar study needs to be conducted on complex ores such as sulfide ores to test 
the flotation efficiency when sea water. Optimum reagent concentrations especially the 
frothers and collectors can be determined, thus saving cost of reagents and helping in 
maintaining a clean environment. 
 
2.8. CFD SIMULATION OF FROTH 
 
As bubble coalescence and bursting rate determines the stability of the froth and 
hence the flotation performance, prediction of coalescence and bursting is highly 
desirable but is very complex, and limited success has been had in this regard [72] . 
Recently an electro-resistivity technique have been developed for measuring a proxy for 
froth bubble sizes as a function of height above the pulp–froth interface which can be 
used in combination with the photographic techniques. Empirical observations have 
been made in the past to optimize the flotation process and enhance the stability of the 
froth. Reagents including frothers, collectors and depressants are varied to find the 
optimum dosages. Various flotation tank designs have been tried to find the best option. 
This approach however is costly and time consuming; hence a CFD-model approach will 
  
42 
be very cost effective in designing froth flotation process. Combining the pulp and 
froth models into a single simulation is long desirable. However achieving this is very 
challenging due to complex mass transfer across the pulp froth interface [108][72]. 
Eulerian–Eulerian approach has been used recently in a CFD model to study the solid 
concentration on froth stability.Good agreement was found between experimental and 
simulation results regarding the effect of solid concentration on gas hold-up and axial 
pressure profile [109]. The model however lacks simulating the froth zone. Froth phase 
transportation model was developed, comprising different types of cumulative air recovery 
functions with best fit to the measured surface velocity distribution in coal flotation. It was 
found that coal laden froth can be described in a convincing manner through the 
cumulative air recovery function expressed in power-law form. Detachment of particle 
from bubble is a key parameter which can be understood better with increase in 
knowledge pertaining to contact line motion. Computer simulations can significantly help 
in understanding this dynamic parameter [95], [110]. 
 
2.9. APPLICATION OF ARTIFICIAL INTELLIGENCE AND MACHINE  
       LEARNING IN FROTH FLOTATION 
 
Mineral deposits are gradually depleting, mines are becoming deeper and ore 
grades are becoming lower every day. On the other hand demand for minerals is 
increasing day by day due to increase in population and the advancement of technology. 
This increasing gap between supply and demand can only be met by cost effective and 
high productivity plants. It is therefore a dire need to increase the efficiency and 
production rate of the mineral processing plants which can be sustainable for a long time 
in future. The only answer to this challenge is to develop automatic control systems 
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which are free from human inefficiencies and should give peak performance round the 
clock in a systematic way [12].  Artificial intelligence and machine learning models are 
therefore of utmost importance for the sustainability of mineral processing industry. 
There are few people who have worked in implementing AI and ML models to identify 
the micro-processes that affect the coal flotation process. Multi-layered artificial neural 
network have been  tried for predicting ash reduction in coal [111]. In phosphate flotation 
process, a multilayer feed forward neural network has been successfully used to predict 
the effect of different operational variables on the recovery and grade of siliceous 
phosphate [112]. Interface level in column flotation cell has been controlled through AI 
modelling  [113]. Artificial Neural Network (ANN) has also found application in 
performance prediction of sulfide ores containing copper and molybdenum [114]. 
Controllers based on fuzzy logic model have been implemented to control a copper 
flotation plant [115]. ANN has also been utilized for predicting the metallurgical 
performance of iron ore flotation plant. Mamdani Fuzzy logic (MFL) model has been 
reported to satisfactorily predict iron and copper recoveries. Operational method, bacteria 
type and time were used as input for the model [116]. Another study used multi layered 
ANN for developing predict models for grade and recovery of copper and molybdenum. 
Collector dosage, frother dosage, F-oil dosage, pH of pulp, particle size, moisture 
content, solid percentage, and copper, molybdenum and iron grade in feed were used as 
the input parameters to predict the metallurgical performance [117]. Owing to the 
previous success of AI and ML models implementation in flotation process, this study is 




3. PROCESS OPTIMIZATION AND MODELING OF COMPLEX SULFIDE 
ORE FLOTATION USING RESPONSE SURFACE METHODOLOGY 
3.1. BACKGROUND 
 
Froth flotation is a widely used ore beneficiation method for the processing of 
mineral ores. It is a complex and an expensive process involving the application of various 
task-specific reagents. In addition to these reagents, operational parameters such as airflow 
rate, agitation, feed flow rate, pulp density, etc. are also involved and can largely influence 
the process efficiency. Optimization of all those important chemical and operational 
variables is of utmost importance for designing an efficient and economical floatation set 
up.  
Response surface methodology (RSM) can be used to analyze problems where the 
relationship between the response variables (dependent variables) and all the influencing 
variables for that outcome is unknown with the objective being the optimization of the 
response variable [46], [47]. RSM starts with finding a proper approximation function, a 
low or a high order polynomial, to define the relationship between the response and the 
independent variables. Due to the ease in parameter estimation and flexibility in 
application, second-order polynomial models are widely used in RSM [48]. In general, 
central composite design (CCD), Box – Behnken design (BBD) and Doehlert designs are 
the most common methods in RSM. RSM has been employed by different researchers for 
experimental design and optimization of the independent variables in froth flotation. 
Kalyani et al. [51] used the response surface methodology to obtain the optimum values 
for the collector dosage, frother dosage and pulp density in the process of coal flotation. 
Aslan and Fidan [52] used Box – Behnken combining with response surface methodology 
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for evaluating and optimizing the dosage of potassium amyl xanthate, sodium sulfide 
dosage and pH in lead flotation. Central Composite Design (CCD) is the most popular 
RSM method and is widely used for experimental design and optimization work [46], [55] 
despite that the Box – Behnken design (BBD) is slightly more efficient than central 
composite design [56] This is explained by the equations that calculate the number of 
experiments for both designs. The BBD generates less number of experiments given by 
N=k2+k+cp while in CCD the number of experiments is given by N= k
k + 2k +cp where k 
is the number of variables and cp is the number of central points [52], [56]. 
In this work, three-level Box-Behnken design in combination with the response 
surface methodology (RSM) has been employed to develop a functional relationship 
between the seven independent process variables and the metallurgical performance of 
complex sulfide ore of Missisipi Valley type ore containing chalcopyrite, galena and 
sphalerite as the main valuable minerals with pyrite and dolomite being the main gangue 
mineral. No laboratory data is available on the optimization and modeling of process 
variables of froth flotation related to sulfide ore used in this study .The seven operational 
control parameters investigated in this study includes the collector (sodium isopropyl 
xanthate) dosage, frother (MIBC) dosage, impeller speed, air rate, pyrite depressant 
(NaCN) dosage, sphalerite depressant (ZnSO4) dosage & flotation time. Quadratic 
mathematical models were derived for the prediction of the recoveries of Pb, Cu, Zn & Fe 
as well as the grade of the concentrate products with respect to these metals. These models 





3.2. METHODOLOGY AND MATERIALS 
 
Details of materials and methods used in this study are given below. All lab scale 
equipment were provided by Missouri University of Science and technology, USA. 
3.2.1. Materials.  Complex sulfide ore samples of Mississippi Valley-type were  
obtained from a mine located in North America. This ore was characterized using various 
techniques as shown in the following sections. In order to adjust pH of the flotation pulp, 
hydrochloric acid and sodium hydroxide were used. Sodium isopropyl xanthate, sodium 
cyanide and zinc sulfate were used as a collector, a pyrite depressant and a sphalerite 
depressant, respectively. Fisher Scientific, USA was the provider of all these reagents. 
The 4-Methyl-2-pentanol (MIBC) which was used as frother was obtained from ACROS, 
USA Inc. All flotation reagents were used without further purification. All flotation tests 
were conducted using tap water. 
3.2.2. Preparation of the Flotation Feed.  Run of mine ore was crushed in two  
stages. During primary stage, laboratory scale jaw crusher was used to crush the large 
samples of ore. Cone crusher was used as a secondary crusher to further reduce the ore 
size. Homogenized samples from crushed ore were taken using coning and quartering 
sampling method. These samples were stored in airtight bags at a temperature of -10 0C 
to avoid oxidation. Prior to the flotation experiment, feed samples were taken out of the 
refrigerator and dry ground for ~20 minutes in a batch rod mill of 20.16 cm diameter and 
24.5 cm length. A total of 21 steel rods were used as the grinding media.  
3.2.3. Characterization of Flotation Feed.  Feed was characterized in  
detail. Particle size distribution and composition of feed is discussed in detail. 
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3.2.3.1. Particle size distribution.  In order to determine the particle size  
distribution of the feed, screens of 200, 230, 270, 325, and 400 US mesh were used. 
Sieving process was performed as per the protocols defined by the American Society for 
Testing and Materials (ASTM) protocols.The composite particle size distribution as 
determined by sieve analysis is shown in Figure 3.1. The 80 % passing size (𝑃80) of the 




Figure 3.1. Particle size distribution of the flotation feed. 
 
 
3.2.3.2. Mineralogical composition of feed.  The Mineralogical composition of 
 the feed was determined by Mineral Liberation Analysis (MLA). MLA analysis was 
carried out at the Center for Advanced Mineral & Metallurgical Processing (CAMP) in 
Montana Tech of the University of Montana, USA. Figure 3.2 shows the mineralogical 























Figure 3.2. Mineralogical Composition of feed. 
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Valuable sulfide minerals constitute around 15-20 % of the feed, while up to 70 
to 80 % of the feed consists of gangue minerals mainly dolomite, in addition to  pyrite, 
quartz, muscovite and K-Feldspar . 
3.2.3.3. Elemental analysis of feed.  The total concentration of each element 
 (Cu, Pb, Zn and Fe) was analyzed using Inductively Coupled Plasma Optical Emission 
Spectrometer ICP-AES (Thermo Fisher ICP/OES iCAP6000 series) after a complete 
sample dissolution by mixed acid digestion (HCl and HNO3). Samples which assayed 
greater than 30% of Pb were titrated by EDTA titration as atomic adsorption 
spectroscopy was not possible at such high percentage of Pb. During EDTA titration lead 
in the feed sample was converted to lead sulfate, which was then dissolved in ammonium 
acetate and titrated with EDTA, using Xylenol Orange as an internal indicator. Samples 
were titrated until a bright yellow, permanent color appeared. Results of elemental 
analysis yielded feed to contain 5.0 % Pb, 4.3 % Zn, 0.88 % Cu and 2.3% Fe. 
3.2.4. Batch Fotation Experiments.  Bulk flotation of galena and chalcopyrite  
was carried out in a Denver flotation cell with an impeller diameter of 3.88 inches and a 
1-liter flotation tank.  In all the experiments, natural pH and solids concentration (as per 
industrial application) was kept constant at 7.9 and 45%, respectively, while other factors 
were varied (dosages of the collector, depressant and frother; impeller speed; flotation 
time and air rate). Sodium isopropyl xanthate was used as the collector while methyl 
isobutyl carbinol (MIBC) was used as the frother The depressants used include sodium 
cyanide (NaCN) and zinc sulfate (ZnSO4) that were used to depress the flotation of  
pyrite and sphalerite, respectively. The depressants were added first followed by the 
collector and the frother. All reagents were given a 3 minutes conditioning time except 
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for MIBC which was conditioned for 2 minutes.  After flotation, the froth (concentrate) 
was collected, dried, weighed and assayed for Pb, Cu, Zn, and Fe. The assays were 
determined using ICEP-OES and EDTA titration methods as applicable. Recovery was 
then calculated based on the dry concentrate weight (C), feed weight (F), feed assay of 





                                                                
                                                                              
(6) 
 
3.2.5. Box-Behnken Design.  The Box-Behnken method (BBD) is one of the  
major response surface methods used in experimental design [56]. This method is a class 
of second order rotatable design based on three level incomplete factorial designs. It was 
explained by [56] that, for three factors as shown in the graphical representations for 
three factors in BBD can be in the form of a cube with one center point and edge mid-
points as shown in Figure 3.3.  
Three interlocking 22 factorial designs with one center point is also a graphical 
representation of the method as shown in Figure 3.4. One advantage of the BBD method 
is that it eliminates combinations where all factors are simultaneously at their highest or 
lowest levels hence avoids occurrence of unsatisfactory results [56]. Using this design, 
optimum flotation conditions can be achieved with minimum number of experiments.  
In this study, therefore BBD was used to design the sets of experiments required 
to maximize the recovery and the grade of lead and copper in the concentrate produced 
from bulk flotation of galena and chalcopyrite. As stated earlier, pyrite and sphalerite 












parameters investigated in this study include collector (sodium isopropyl xanthate) 
dosage, frother (MIBC) dosage, impeller speed, air rate, pyrite depressant (NaCN) 
dosage, sphalerite depressant (ZnSO4) dosage & flotation time. All other parameters were 
kept constant. A total of 62 sets of experiments were designed using BBD method. In 
each set of experiments, the combinations of seven variables used were different. 
Impeller speed was tested at three levels: 800 rpm, 1300 rpm and 1800 rpm. Three 
dosage of NaCN were used during flotation tests: 5g/ton, 52.5g/ton and 100 g/ton. As for 
ZnSO4, three dosage were also used: 200g/ton, 450g/ton and 700 g/ton. Sodium Isopropyl 
Xanthate was tested at three dosage: 100 g/ton, 275g/ton and 450 g/ton. MIBC was added 
at the rate of 50g/ton, 200g/ton and 350 g/ton. Air flow rate was kept at 3 liter/min, 6 
liter/min and 9 liter/min. Froth was collected for 2 mins, 5 mins and 8 mins during 




A total number of 62 sets of experiments were designed using the BBD method. 
In these tests, different combinations of collector (sodium isopropyl xanthate) dosage, 
frother (MIBC) dosage, impeller speed, air rate, pyrite depressant (NaCN) dosage, 
sphalerite depressant (ZnSO4) dosage and flotation time were tested. Each set consisted 
of two number of experiments. The results of the experiments in form of grade and 
recovery of the metals like Pb, Cu, Fe, and Zn were analyzed using “Minitab 17.0”  
statistical software. Quadratic models were fitted to the results to predict and optimize the 
outputs. A total of eight quadratic models were fitted. These models describe equations 
for response variables including Pb grade, Pb recovery, Cu grade, Cu recovery, 
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Table 3.1. Three level experimental design with seven variable factors. 
 Variable levels 
Variables Low  Center High 
Impeller speed (rpm) 800 1300 1800 
Air flow rate (l/min) 3 6 9 
Collection time (mins) 2 5 8 
NaCN dosage (g/ton) 5 52.5 100 
MIBC dosage (g/ton) 50 200 350 
ZnSO4 dosage (g/ton) 200 450 700 
Xanthate dosage (g/ton) 100 275 450 
 
 
Zn grade, Zn recovery, Fe grade and Fe recovery. Models for the response variables were 
chosen through a stepwise procedure with an alpha (α) value of 0.05. Resulting models 
are given by the Equations 7 through 14. 
 
Pb grade = 42.68 - 0.02240 A + 0.00614 B + 0.2147 C + 0.01171 D 
- 5.285 E + 0.01382 F - 1.964 G - 0.002050 C*C + 0.2540 E*E 
- 0.000006 F*F - 0.000082 A*B + 0.00410 A*G - 0.00934 C*E 
+ 0.01404 C*G 
(7) 
Pb recovery = -30.00 - 0.1247 A + 0.3430 B - 0.1602 C - 0.0764 D - 2.291 E 
+ 0.04151 F + 26.77 G - 0.000454 B*B - 1.740 G*G + 0.000274 A*D 





Zn grade = 3.97 + 0.01068 A + 0.00528 B - 0.0163 C + 0.00138 D 
+ 0.3026 E - 0.000806 F - 0.040 G - 0.000011 B*B + 0.000157 C*C 
- 0.000131 A*C + 0.000010 A*D - 0.001245 A*G - 0.000071 B*C 
- 0.000014 B*D + 0.000006 B*F + 0.000021 C*F - 0.000533 D*E 
- 0.000005 D*F + 0.000592 D*G 
(9) 
Zn recovery = 9.95 - 0.02382 A + 0.0379 B - 0.2095 C - 0.02808 D 
+ 0.498 E + 0.00070 F + 3.743 G - 0.000072 B*B + 0.001027 C*C 
- 0.1530 G*G + 0.000056 A*D + 0.000039 B*F - 0.01059 B*G 
(10) 
Cu grade = 4.029 + 0.02070 A + 0.00789 B - 0.008668 D - 0.000497 F 
- 0.7230 G - 0.000008 A*A - 0.000001 F*F - 0.000080 A*B + 0.000012 B*F 
+ 0.001485 D*G 
(11) 
Cu recovery = 14.5 + 0.0332 A + 0.1264 B - 0.1713 C - 0.0529 D 
- 0.00283 F + 4.61 G - 0.000163 A*B + 0.000128 B*F - 0.04830 B*G 
+ 0.01120 D*G 
(12) 
Fe grade = 5.826 + 0.00142 A - 0.00395 B - 0.02490 C + 0.003290 D 
- 0.2140 E + 0.001594 F - 0.4057 G + 0.000005 B*B - 0.000001 F*F 
- 0.000014 A*D + 0.000446 A*E + 0.000527 A*G + 0.000003 B*D 
- 0.000007 C*F + 0.004741 C*G 
(13) 
Fe recovery = -19.92 - 0.0500 A + 0.0537 B - 0.4153 C - 0.0069 D 
+ 3.884 E + 0.01755 F 
+ 7.93 G + 0.002636 C*C - 0.628 G*G + 0.000117 A*D - 0.00836 B*E       
- 0.00432 D*E 
(14) 
 
Where, A= Sodium isopropyl xanthate dosage, B = MIBC dosage, C= NaCN 
dosage, D = ZnSO4 dosage, E= Air flow rate, F =Impeller speed and, G =Time. 
For estimation of the significance of these model, the analysis of variance 
(ANOVA) was applied. Using a 5% significance level, a model is considered highly 
significant if the P-value (significance probability value) is less than 0.05. Table 3.2 
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describes the results of the ANOVA analysis performed on these models. It can be 
seen that all the fitted models are significant (p-value < 0.05). 
 
 
Table 3.2. ANOVA analysis results of the developed models.  






Pb grade Model 2785.64 14 198.97 60.28 <0.05 
Residual 155.13 47 3.30   
Pb 
Recovery 
Model 22253.7 11 2023.1 76.08 <0.05 
Residual 1329.6 50 26.6   
Zn grade Model 103.225 19 5.4329 37.65 <0.05 
Residual 6.060 42 0.1443   
Zn 
recovery 
Model 1764.49 13 135.730 38.57 <0.05 
Residual 168.91 48 3.519   
Cu grade Model 60.7158 10 6.0716 105.49 <0.05 
Residual 2.9354 51 0.0576   
Cu 
recovery 
Model 9949 10 994.9 37.24 <0.05 
Residual 1362.5 51 26.72   
Fe grade Model 18.0208 15 1.20139 41.72 <0.05 
Residual 1.3246 46 0.02880   
Fe 
recovery 
Model 4988.69 12 415.72 32.4 <0.05 
Residual 628.63 49 12.83   
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Figures 3.5, 3.6, 3.7 and 3.8 represents the predicted against the actual values 
for % recovery  and the % grade of the flotation concentrates (froth) of Pb, Cu, Zn and 
Fe, respectively. Predicted values were derived from the mathematical models as 
presented by Equation 7 to 14. 1:1 correlation line for each of the plot is also shown in 




Figure 3.5. Actual vs predicted values of Pb grade (%) and Pb recovery (%). 
 
 
The closer the points to the line, the better the agreement between the predicted 
values and the actual values. Values of R-square and adjusted r square for the developed 














Figure 3.8. Actual vs predicted values of Fe grade (%) and Fe recovery (%). 
 
 
than 85% in all cases. Thus model can explain more than 85% of the total variations in 
the system. The high value of R2 specifies the reliability of the quadratic equations 
in the given experimental domain.  
Three-dimensional surface plots provide valuable information regarding the 
interaction effects of different operational variables on flotation. In this study interaction 
effects of seven operational variables of flotation on grade and recovery of Pb, Zn and Cu 
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were studied. These three-dimensional (3D) plots for the measured responses were 
based on the model equations. Only those interaction effects which were important and 
had a significance level of at least 95 %, have been discussed in this paper. One factor 
considered as constant in each plot was held constant at center level. Figure 3.9 shows the 
3D response surface relationship between the dosage of sodium isopropyl xanthate and 
the flotation time and its influence on Pb grade in the concentrates at the center values of 
other variables. It can be seen that increasing the sodium isopropyl xanthate 









excess amount of collector adsorbs on all mineral surfaces, therefore, reducing the 
selectivity. With regards to time, the maximum grade was achieved at the lowest flotation 
time of 2 minutes at 100 g/ton of the xanthate collector. Allowing more flotation time 
provides more chances for the gangue minerals to report to the concentrate thus reducing 
the grade. 
Figure 3.10 represents the effect of NaCN and impeller speed on Pb grade. As 
indicated, at a dosage below 50g of NaCN per ton of ore, increasing the dosage of sodium 
cyanide resulted in increasing the Pb grade. Increasing the value of NaCN decreases the 
inclusion of pyrite in the product hence increasing the grade of Pb in the concentrate. An 
increase in the value of NaCN above 50 g/ton however adversely effects the Pb grade as 
an excess amount of NaCN can get coated on galena particles, this inhibits the adsorption 
of  sodium isopropyl xanthate collector on galena particles thus, making galena less 
hydrophobic. As a result, the selectivity of the flotation process is reduced resulting in 
lower Pb grade. Impeller speed also affected the Pb grade in a similar fashion. The lower 
impeller speed (900 rpm) was ineffective to provide the appropriate mixing which 
reduced the bubble-particle collision for high density mineral galena (containing Pb) and 
, hence a reduction in Pb grade. On the other hand, a higher impeller speed (1800 rpm) 
stirs up the system to extreme thus increasing the chances of entrained gangue minerals 
reporting to the product. This reduces the selectivity of flotation process thus reducing the 
Pb grade in the product. Impeller speed of 1500 rpm was found to be the optimum value 
for achieving the best Pb grade in the product as it avoids both extreme conditions. 
Figure 3.11 bears interesting observation in terms of the interaction effects of  
flotation time and NaCN dosage. It is observed that at a dosage of 50 g/ton of NaCN, the 
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highest Pb grade can be achieved. It is interesting to note that an increase in the 
flotation time does not affect the Pb grade when we consider the interaction effect of 
NaCN and time. This suggests that an optimum amount of NaCN is not effected by the 
flotation time in case of Pb grade in concentrate. It is interesting to observe in Figure 3.12 
that at a lower dosage (200 g/ton) of ZnSO4, Pb recovery of the product decreases as the 
dosage of sodium isopropyl xanthate increases. This suggests that in the absence of 









Figure 3.11. Effect of NaCN dosage and flotation time on Pb Grade. 
 
 
the excess amount of collector (sodium isopropyl xanthate) does not preferably adsorb on 
galena surface thus reducing the Pb recovery. However, when highest dosages of 
collector and ZnSO4 are used, ZnSO4 prevents the adsorption of collector onto sphalerite 
thus increasing the efficiency of the collector to make galena hydrophobic. This results in 




Figure 3.12. Effect of the collector (sodium isopropyl xanthate) and Zinc Sulfate (ZnSO4) 
dosages on Pb recovery. 
 
 
Highest Pb recovery was achieved at frother (MIBC) concentration of 100 g/ton 
and flotation time of 8 minutes as shown in Figure 3.13. At a higher frother 
concentration, Pb recovery is decreased. This can be explained by the fact that higher 
frother concentration strongly decreases the surface tension of the solution; thus 










ZnSO4 acts as a depressant for Zn containing sphalerite. The 3D plot of the 
interaction effect of ZnSO4 and sodium isopropyl xanthate, in Figure 3.14, shows that at a 
100 g/ton dosage of the collector (sodium isopropyl xanthate), an increase in the dosage 
of ZnSO4 decreases the Zn grade. Zn grade can be seen to increase (Figure 3.15) in the 
product as flotation time increases at a collector dosage of 100 g/ton. This undesirable 
effect can be attributed to the increasing probability of sphalerite mineral entrainment as 
its probability of collision with bubble increases with more time at hand. 
According to the 3D plot of MIBC and ZnSO4 interaction effect on Zn grade as 
shown in Figure 3.16, an increase in the dosage of ZnSO4 decreases the Zn grade which 






Figure 3.14. Effect of the collector (sodium isopropyl xanthate) dosage and Zinc Sulphate 
(ZnSO4) concentration on Zn grade. 
 
 
Figure 3.17 suggests using the highest MIBC dosage and the lowest Impeller 
speed to achieve the lowest Zn grade in the product. Figures 3.19, 3.20 and 3.21 show the 
response surface relationship between ZnSO4 and air rate, impeller speed, flotation time 
with Zn grade, respectively. The highest level of ZnSo4, air rate and impeller speed with 
the lowest flotation time is found to depress Zn grade most efficiently. At a lower dosage 
(100 g/ton) of sodium isopropyl xanthate, Zn recovery decreases as the dosage of ZnSO4 









Figure 3.16. Effect of the frother (MIBC) and Zinc Sulphate (ZnSO4) concentrations on 
Zn grade. 
 
(400 g/ton) of sodium isopropyl xanthate, Zn recovery increases even with increasing 
amount of ZnSO4. This phenomenon suggests that higher dosage of collector (sodium 
isopropyl xanthate) diminishes the effect of ZnSO4 as sphalerite depressant. 
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Figures 3.23 and 3.24 suggest that in order to achieve the lowest Zn recovery in 
the concentrate without destabilizing the forth, lower level of MIBC (100 g/ton), impeller 
speed (900 rpm) and time (2 minutes) should be used to carry out the flotation. 
Figure 3.25 illustrates that the highest Cu grade in the product can be achieved 
with a lower dosage of sodium isopropyl xanthate (100 g/ton) and the highest 
concentration of MIBC (300 g/ton). Lower dosage of collector increases the selectivity of 
the collector and the higher concentration of MIBC stabilizes the froth and increases the 
particle-bubble collision between the chalcopyrite mineral and air bubbles. Figure 3.26 
suggests that the highest Cu grade can be achieved at the lowest levels of MIBC (100 
g/ton) and Impeller speed (900 rpm). These mild flotation conditions allow only the 





























Figure 3.22. Effect of the collector (sodium isopropyl xanthate) dosage and Zinc Sulphate 















Figure 3.25. Effect of the collector (sodium isopropyl xanthate) dosage and frother 









Figure 3.27. Effect of the collector (sodium isopropyl xanthate) dosage and frother 




In the presence of highest dosage of MIBC (300 g/ton), Cu recovery appears to 
increase as the impeller speed increases (Figure 3.28). This can be attributed to an 
improved mixing and suspension of ore particles at higher levels of impeller speed. 
With regards to flotation time, Cu recovery appears to increase with an increase in the 
flotation time as demonstrated by Figure 3.29. Maximum recovery is observed at a 
flotation time of 8 minutes and MIBC concentration of 100 g/ton. Figures 3.30, 3.31 and 








grade. Lowest Fe grade is achieved at the highest dosage of NaCN which is 100 g/ton. 
Variation in the dosages of Sodium isopropyl xanthate, MIBC and ZnSO4 do not affect 
  
74 
the Fe grade in the concentrate. These results demonstrate the pronounced effect of 














Figures 3.33 and 3.34 also demonstrates the effect of NaCN as a Fe depressant. 
The highest level of Fe depression is accomplished at the highest dosage of NaCN (100 
g/ton). A higher level of air rate and impeller speed also depresses the Fe grade more 
efficiently. This may be due to the lesser chances of entrainment of gangue particles at 






















A lesser flotation time only allows the most likely particles to report to the 
concentrate. As flotation time is increased more gangue particles get the allowance to get 
to the concentrate through entrainment. Figure 3.35 shows the same as the lowest Fe 
grade in the concentrate can be observed at the lowest flotation time (2 minutes) used 




Figure 3.35. Effect of the NaCN dosage and flotation time on Fe grade. 
 
 
Similar to Fe grade, Fe recovery does not appear to be effected by the dosages of 
sodium isopropyl xanthate, MIBC, ZnSO4 and air rate as can be seen in Figures 3.36, 
3.37, 3.38 and 3.39, respectively. Figures 3.36, 3.37, 3.38 and 3.39 also shows that an 
increase in NaCN dosage can be very effective in reducing the Fe recovery. 
At the highest dosage of NaCN and the lowest level of impeller speed, Fe recovery is 
minimum as shown in Figure 3.40. High dosage of NaCN(100 g/ton) is therefore 
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recommended for depressing Fe. Lower impeller speed decreases the probability of 






























Response optimizer in Minitab 17 was employed to find the optimum conditions to 
maximize the Pb grade, Pb recovery, Cu grade and Cu recovery using the model 
Equations 7, 8, 11 and 12, respectively within the experimental range of the study. The 
optimum flotation conditions found for maximum Pb grade of 43.8 % were 450 g/ton of 
sodium isopropyl xanthate, 50 g/ton of MIBC, 73g/ton of NaCN, 700 g/ton of ZnSO4, 3 
l/min of air, 1200 rpm of impeller speed and 8 min of flotation time. Optimum flotation 
variables for maximum Pb recovery were found to be 113 g/ton of sodium isopropyl 
xanthate, 342 g/ton of MIBC, 5g/ton of NaCN, 206 g/ton of ZnSO4, 3 l/min of air, 1800 
rpm of impeller speed and 2 min of flotation time. Here maximum Pb recovery target was 
kept at 98 %.  
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For maximizing Cu grade, 450 g/ton of sodium isopropyl xanthate, 50 g/ton of 
MIBC, 200 g/ton of ZnSO4, 800 rpm of impeller speed, and 2 min of flotation time were 
found to be the best fit values of significant operation parameters. A Cu grade of 7.2 % is 
predicted to be achieved at these optimal flotation conditions. For a target maximum Cu 
recovery of 98 % optimum flotation conditions were predicted to be 193 g/ton of sodium 
isopropyl xanthate, 350 g/ton of MIBC, 5 g/ton of NaCN, 200 g/ton of ZnSO4, 1800 rpm 
of impeller speed, and 2 min of flotation time. It was found in the study that NaCN and 
air rate do not effect the Cu grade significantly. In Cu recovery, air rate was not 
optimized as it did not contribute significantly to the Cu recovery. 
Results of the response optimizer showed that in order to achieve the desired 
results, which were minimizing the grade and recovery of Zn and Fe and maximizing the 
grade and recovery of Pb and Cu, the following values of flotation variables should be 
used, 450 g/ton of sodium isopropyl xanthate, 50 g/ton of MIBC, 80g/ton of NaCN, 700 
g/ton of ZnSO4, 3 l/min of air, 1254 rpm of impeller speed, and 8 min of flotation time. 
These optimum conditions yielded a maximum recovery for Pb and Cu to be 82.4 % and 










4. FLOTATION BEHAVIOR OF COMPLEX SULFIDE ORES IN THE 
PRESENCE OF BIODEGRADABLE POLYMERIC DEPRESSANTS 
4.1. BACKGROUND 
 
Chitosan is a well-known polymer and has found extensive use across different 
industries amongst which wastewater treatment [118], agriculture, food [119][120]  and 
textile industry are some examples [121][122].To date effectiveness of chitosan has been 
demonstrated during flotation of single mineral or artificial mixtures of minerals [63].It 
has been efficaciously employed to selectively depress the recovery of chalcopyrite 
(CuFeS2) to 30% in a mixture of chalcopyrite and galena (PbS) [64]. In single mineral 
flotation, it has been able to depress both galena and pyrite. However, during flotation 
tests at a pH of 4, it depressed 45 % more pyrite as compared to galena. This indicates its 
preferential adsorption on pyrite and thus it can selectively depress it [65]. It should be 
noted that all these observations were made in artificially mixed mineral samples. 
Motivated by these observations, this study was aimed to test the possibility of replacing 
sodium cyanide by chitosan polymer as a selective pyrite depressant in the bulk flotation 
of complex sulfide ore sample containing galena (PbS), chalcopyrite (CuFeS2), sphalerite 
(ZnS), pyrite (FeS2), dolomite (Ca Mg(CO3)2), and marcasite (a polymorph of pyrite).  
 
4.2. METHODOLOGY AND MATERIALS 
 
Details of materials and methods used in this study are given below. All lab scale 
 equipment was provided by Missouri University of Science and Technology, USA. 
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4.2.1. Materials.  A complex sulfide ore sample was obtained from a mine  
located in North America. Detailed characterization of the feed can be found in Section 3. 
Natural pure galena, pyrite, sphalerite and chalcopyrite mineral samples were purchased 
from Ward's Scientific USA. Each mineral was crushed using a manual mortar/pestle 
grinder. The fine powder of each mineral was utilized in zeta potential measurements. 
The chitosan polymer used in this work was of analytical grade. The polymer was 
purchased from ACROS USA Inc. The molecular weight of chitosan used in this study is 




Figure 4.1. Structure of biodegradable polymer Chitosan Polymer. 
 
 
Hydrochloric acid and sodium hydroxide (Fisher scientific USA) were used as PH 
modifiers. Sodium isopropyl xanthate (industrial grade) was used as a collector. Sodium 
cyanide and zinc sulphate were used as depressants. Both of these reagents were of 
industrial grade. The 4-Methyl-2-pentanol (MIBC) was purchased form ACROS USA 
Inc and was used as frother without further purification. Tap water was used throughout 
the tests unless otherwise stated. 
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4.2.2. Methods. Details of flotation experiments. Zeta potential measurements 
 for  electrokinetic studies and froth stability tests performed to examine the stability of 
the froth in case of chitosan polymer  are illustrated below. 
4.2.2.1. Batch flotation tests.  Bulk flotation of galena and chalcopyrite was  
carried out in Denver flotation cell with an impeller diameter of 3.88 inches and a 2-liter 
flotation tank.  A feed slurry of 30 % solids was used in all experiments. Unadjusted pH 
of 7.9 was maintained in all the flotation experiments. Depressants (polymers, sodium 
cyanide and zinc sulphate) were added first followed by the addition of xanthate 
collector. Frother was the last reagent to be added. Dosages of sodium cyanide, zinc 
sulphate, sodium isopropyl xanthate & MIBC were kept the same for all flotation 
experiments at a dosage of 2.26 g/ton, 680 g/ton, 317 g/ton and 470 g/ton of ore, 
respectively. These dosages were found to be optimum as per plant studies. Agitator was 
set at a rotation rate of 1000 rpm. Air flow rate was kept at 6 liter /min. Agitator speed 
and airflow rate were also kept constant during all flotation experiments. Four sets of 
flotation tests were carried out. In the first set, no depressants were used and the ore was 
floated in the presence of the collector and the frother as the only reagents. Second set of 
flotation experiments was performed using conventional depressants sodium cyanide and 
zinc sulphate. Third set of flotation experiments was carried out using chitosan as the 
only depressant. Four different dosages 50 g/ton, 100 g/ton and 300 g/ton and 500g/ton of 
chitosan were tested. In the fourth and last set, NaCN was tested at dosages of 50 g/ton, 
100 g/ton, 300 g/ton and 500g/ton to be compared to the chitosan over the same dosage 
amounts. The dosages of all the reagents used are given in Table 4.1. After flotation, both 
the froth products (concentrates) and tailings were collected, dried, weighed, and assayed 
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for Cu, Pb, Zn, and Fe contents. The elemental analysis of the concentrate and tailings 
products was calculated using Scanning Electron Microscopy equipped with Energy 
Dispersive X-ray Spectroscopy (SEM-EDS).Various products obtained from flotation 
process were pressed into 0.5 inch diameter pellets using 3851-0 Carver Hydraulic press 
(Carver Inc. Wabash, USA). These pellets were coated with gold palladium powder using 
a sputter-coater (Hitachi E-1030). After coating, Energy-Dispersive X-ray Spectroscopy 
(EDS) analysis of the samples was carried out using Hitachi Model S-4700 field-emission 
microscope. Accelerating voltage was kept at 25 kV, emission current at 10.00 𝜇Amp, 
working distance of 12mm, and magnification at 400x. Results of the EDS analysis were 
gathered and analyzed by EDAX Inc. Genesis software [67]. 
 
 














First 0 0 317 470 0 
Second 2.26 680 317 470 0 








4.2.2.2. Zeta potential measurement.  The mineral samples purchased from 
 Wards Science were ground in an agate mortar. The mineral suspensions containing 0.05  
wt % solids in 1 mmol/L KNO3 were sonicated for 15 min then allowed to settle for 5-10 
min. The pH of all the suspensions was maintained at a value of 7.9. Zeta potential 
measurements were carried out using Zetasizer nano ZS, ZEN3600, by Malvern 
Instruments Limited, Worcestershire, UK. Laser Doppler Micro-electrophoresis was used 
to measure the velocity of mineral particles in the solution under an electric field. 
Smoluchowski model was then used to calculate zeta potential. 
4.2.2.3. Froth stability tests.  For each flotation experiment an identical froth  
stability experiments was run. All conditions were kept same as in the flotation 
experiment, except the size of the cell used. In Froth stability experiments an especially 
designed high wall cell was used to prevent the overflow of froth. This gave an 
opportunity to record the rise of froth in the cell and to measure its velocity and 
maximum equilibrium height. The set up for froth stability experiment is shown in Figure 
4.2.  
After introducing air in the cell, a five minute video depicting the rise of froth was 
recorded. Video was then analyzed through video analysis software “Tracker” to 
calculate the maximum equilibrium height and rising velocity of the froth. A paper scale 
was attached at one end of the cell to calibrate the software measuring tool. A mass point 
was used to track the height of the froth after every 200 frames. Two graphs were plotted 
by the software elaborating the relationship between Time (second) vs height (cm) and 










In this study performance of the polymer chitosan as a selective pyrite depressant 
was investigated. In this regard, recovery of lead, copper, zinc and iron elements was 
calculated in the froth products in the presence of chitosan at different dosages and 
compared with the recoveries of these elements when NaCN was used as a depressant. 
Recovery values were in turn compared with the results obtained when flotation 




Figure 4.3. Tracker software plotting graph between y (height of froth in cm) vs  
t (time in seconds). 
 
 
4.3.1. Zeta Potential.  Zeta potential measurements were conducted on mineral  
suspensions with and without the addition of chitosan polymer to fundamentally explore 
and compare the surface properties and interaction mode of the polymer with galena, 
pyrite, chalcopyrite &sphalerite. As shown in Figure 4.4, the particles of all the minerals 
were negatively charged at pH 7.9 with pyrite has the largest negative charge value of ~ -
36mV compared with – 7.5 mV ~ , -20 mV, and -18.5 mV for galena, chalcopyrite, and 
sphalerite, respectively. These values are consistent with the values reported in literature 
at similar pH range [123], [124]. Addition of chitosan polymer to mineral suspensions 
resulted in increasing the values of surface charge to more positive values for all minerals 
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which means that chitosan was adsorbed on the surface of these minerals. For example, 
at 500g/ton of polymer, the zeta potential value of galena, chalcopyrite, pyrite  & 
sphalerite increased from -7.5, -20 ,– 36 & -18.5 mV to +12, -10 , +5, and 4.5 mV, 
respectively.  Figure 4.4 also exhibited that as the dosage of the polymer increased, the 
measured value of surface charge become more positive for all minerals. For example, 
increasing the chitosan dosage from 50 g/t to 100 g/t, resulted in increasing the value of 
zeta potential of pyrite suspensions from -12.3 to 13.4 mV, respectively. As expected and 
shown in Figure 4.4, chitosan polymer has stronger interaction with pyrite minerals 
compared to galena and chalcopyrite. At 100 g/t of chitosan, the value of zeta potential of 
pyrite suspension dramatically shifted from -36 to +10 mV while in the case of galena, 
the value of zeta potential slightly shifted from -7.5 to -1.9 mV. Moreover, the interaction 
of chitosan with chalcopyrite surfaces is stronger in comparison with galena. The zeta 
potential value of chalcopyrite suspensions was shifted from -20 to -8mV at 100 g/t of 
chitosan. Zeta potential of sphalerite increased from -18.5 to 5.4. Sphalerite will not be 
discussed further as it is out of scope of this study and another research project. The 
results were very consistent with what was previously published in literature when 
chitosan was used in the flotation of model sulfide mineral suspensions [125]–
[127][128][124][123][129].   
The adsorption mechanism of chitosan on sulfide minerals has not been 
comprehensively explained yet. There are only few studies that attempted to examine the 
adsorption behavior and elucidate the selectivity of chitosan towards pyrite and 
chalcopyrite compared to galena. In general, the interaction mechanism between chitosan 
and certain ion on mineral surfaces is due to chelation [130][131][132] . Both amino 
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groups (-NH2 and O=C-NH2) and the hydroxyl groups (C-OH) are anticipated to be the 
major binding site for chitosan adsorption on mineral surfaces [133][134]. It has been 
also reported that the adsorption capacity of chitosan and the consequent formation of 
polymer-ion complex can be influenced by many factors such as solution pH [135] , 
physical type of chitosan and the degree of deacetylation [136][137]. X-ray photoelectron 
spectroscopy were used to understand the selective adsorption of chitosan on 
chalcopyrite-galena mixtures as well as pyrite-galena mixtures [64]. In their work, they 
compared the binding energy values of mineral surfaces before and after treatment with 
chitosan polymer. In the case of comparative adsorption of the chitosan on chalcopyrite 
versus galena, results indicated that chitosan adsorbed on both minerals with larger 
binding energy shift of amino groups in the case of chitosan-chalcopyrite system 
compared with chitosan-galena system.  More binding energy shifts reflects a stronger 
adsorption of the polymer on mineral surface. Result suggested that that in the case of 
chalcopyrite, both amine group and amide group in the chitosan molecules are involved 
with the formation of ammonium (protonated amine) complex which was absent in the 
case of galena-chitosan system. The larger binding energy shift of amino groups and the 
appearance of ammonium complex on the surface of chalcopyrite suggest chemical 
adsorption rather than a physiosorption which was the proposed mode of adsorption of 
chitosan on galena. Similar surface studies using XPS were performed on chitosan/pyrite 
system. The results suggested the formation of protonated amine on the surface of pyrite 
after chitosan adsorption with large binding energy shift of amine groups in chitosan 
molecules from 399.5 eV before adsorption to 399.8eV after adsorption suggested that 
chemical adsorption rather than physiosorption may be occurred between chitosan and 
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pyrite surface.  Other studies [138] suggested that the preferential adsorption of 
chitosan on different mineral surfaces is related to the electron affinity of constituent 
metals. The higher the electron affinity of the constituent metal, the stronger is the 
interaction between the amine groups in chitosan molecules and the mineral surface. 
Thus, chitosan adsorb more preferentially on chalcopyrite surface compared to galena 




Figure 4.4. Zeta potential measurements of mineral suspensions as a function of chitosan     





























4.3.2. Flotation Experiments.  Details of flotation experiments  regarding  
baseline experiments using Sodium Cyanide (NaCN), influence of Chitosan dosage on 
the flotation performance sulfide minerals, influence of flotation time on the recovery of 
galena, chalcopyrite and pyrite in the presence of chitosan polymer, and froth stability 
and performance are given below. 
4.3.2.1. Baseline experiments using Sodium Cyanide (NaCN).  From literature  
the dosages to be tested for chitosan were selected to be 50,100,300 & 500 g/ton. These 
dosages were chosen as the polymers like Polyacrylamide (PAM) and its derivatives have 
been applied in sulphide mineral flotation with the same dosages [139]. Although initial 
experiments suggested 2.2 g/ton of NaCN as optimum dosage, still NaCN was tested at 
dosages of 50, 100, 300 & 500 g/ton to be compared to chitosan at same dosages. Figure 
4.5 shows the results of flotation experiments with optimum chitosan dosage of 50 g/ton 

























Chitosan 50 g/ton NaCN 50 g/ton
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It can be seen from Figure 4.5 that NaCN at a dosages of 50 g/ton greatly 
reduced the recovery of valuable metals like copper and lead along with zinc & iron. 
Similar trend was observed for NaCN at higher dosages of 100,300 & 500 g/ton. As a 
result, keeping in mind the economics and efficiency of flotation process, an optimum 
dosage of 2.26 g/ton of NaCN was found to be most feasible to be compared to chitosan 
dosages of 50 to 500 g/ton. 
4.3.2.2. Influence of Chitosan dosage on the flotation performance sulfide 
 minerals.  Four different dosages of chitosan polymer were used in the flotation  
experiments. Results were compared with the flotation results in presence and absence of 
optimum dosage of conventional depressants which is the NaCN. Figures 4.6, 4.7, 4.8 
and 4.9 show the flotation recoveries and concentrate grades of lead, copper, iron and 




Figure 4.6. Lead recovery and concentrate grade as a function of chitosan dosage in 

































Figure 4.7. Copper recovery and concentrate grade as a function of chitosan dosage in 




Figure 4.8. Iron recovery and concentrate grade as a function of chitosan dosage in 






























































Figure 4.9. Iron recovery and concentrate grade as a function of chitosan dosage in 
comparison with NaCN depressant [67]. 
 
 
NaCN reduced zinc recovery by 42 % as compared to chitosan at 50 g/ton (Figure 
4.9). This was understandable as ZnSO4 which is a depressant of sphalerite was added 
with NaCN and not with chitosan. Testing zinc recovery with a combination of chitosan 
and ZnSO4 was not in the scope of this study and will be carried out as separate research 
project. At a dosage of 50g/ton, chitosan was able to depress iron recovery more than 5.6 
% than the conventional depressants (Figure 4.8). Chitosan did also reduce the recovery 
of lead by 4.8 % (Figure 4.6) and that of copper by 8.8 % (Figure 4.7) as compared to 
conventional depressant NaCN, which was not desirable as bulk flotation of chalcopyrite 
and galena was the major focus of this experiment. However chitosan at 50 g/ton proved 
to be a better and more selective depressant for pyrite in bulk flotation of galena and 
chalcopyrite. Results also revealed that increasing the dosage to 100 g/ton and up, caused 




























Cumulative Recovery  (Zn) % Cumulative Assay %(Zn)
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minerals in the concentrates, at 50g/ton of chitosan, the concentrate grade of galena 
increased to 20% compared to 10% when NaCN was used. However, the concentrate 
grade of chalcopyrite and pyrite slightly decreased from 2.7% and 4.2% with NaCN to 
2.2% and 3% with 50g/t chitosan, respectively.  As for pyrite, it is interesting to see that 
increasing the polymer dosage to 100 g/ton and higher resulted in an increase in the 
recovery of pyrite in the concentrate which might be due to competitive adsorption at 
higher dosages of polymer. In general, the preferential adsorption of chitosan on pyrite 
and chalcopyrite is due to the ability of the polymer to chemically bond to the mineral 
surface which results in stronger adsorption compared to galena. It was proposed that 
[129] the amine groups and the hydroxyl group in the chitosan structure (Figure 4.1) can 
react with the mineral surfaces and form a stable complex through chemisorption 
mechanism which resulted in its stronger flotation depression compared to galena. The 
adsorption of chitosan polymers on galena is anticipated to physiosprotion mechanism 
through hydrophobic interactions between the mineral surface and the amide group of 
chitosan molecules. In single mineral flotation tests it was found that chitosan was a 
selective depressant for galena-sphalerite and galena-pyrite but not as such for galena - 
chalcopyrite  mixture at higher pH than 3 [140].This was confirmed by the zeta potential 
studies carried out in this study (Figure 4.4) which show preferential adsorption of 
chitosan on sphalerite and pyrite as compared to chalcopyrite and galena. This can 
therefore be concluded that chitosan can be introduced as a depressant for sphalerite and 
pyrite in bulk flotation of chalcopyrite and galena. As stated previously, sphalerite 




4.3.2.3. Influence of flotation time on the recovery of galena, chalcopyrite 
and pyrite in the presence of chitosan polymer.  At an optimum dosage of 50 g/ton  
of chitosan, froth products were collected after 0, 2, 4 & 8 mins of flotation. After 4 
minutes of flotation 86.3 % of cumulative lead recovery, 79.6 % of cumulative copper 
recovery & 33% of cumulative iron recovery was observed as shown in Figure 4.10. 
Doubling the flotation time to 8 minutes increased recovery of lead and copper only by 
2.6 & 5%, respectively. However, the undesirable recovery of Fe in the product increased 
by 4.5%. This shows that most of lead and copper are floated in the initial 4 minutes of 
flotation. After 4 minutes selective flotation ceases and all minerals are recovered at the 
same rate. It therefore seems that depending upon the plant economics, four minutes of 




Figure 4.10. Influence of flotation time on flotation recoveries of galena, pyrite and 
chalcopyrite at a chitosan’s dosage of 50 g/ton [67].  
 











Influence of Flotation Time on Minerals 
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98 
4.3.2.4. Froth stability and performance.  Dynamic froth stability was  
calculated at different dosages of chitosan and NaCN to see the effect of these on froth 




Figure 4.11. Effect of Chitosan dosage on dynamic froth stability and Pb recovery. 
 
 
It can be seen from Figures 4.11, 4.12, and 4.13 that dynamic froth stability tends 
to decrease with increase in chitosan dosage. Decrease in stability can be attributed to 














































































































































































The objective of this study was to investigate the potential of replacing the toxic 
depressant NaCN used in the flotation of sulfide minerals to depress pyrite, by the 
biodegradable chitosan polymer. Bulk flotation tests of sulfide mineral samples contain 
galena; chalcopyrite; pyrite and sphalerite were carried out in laboratory scale Denver 
flotation cell to compare the depression capability of NaCN and chitosan polymer, 
separately. It was found that chitosan was effective in depressing pyrite minerals. 
Sphalerite depression is out of scope of this study. Chitosan depressed 5.6% more pyrite 
as compared to conventional depressants. It was however noted that at higher dosages, 
chitosan depressed chalcopyrite and galena which was not desired in this case. The 
optimum dosage of chitosan was 50 g/ton. At this dosage, galena had the highest 
recovery while pyrite had the lowest recovery.  Findings obtained from zeta potential 
measurements were consistent with those obtained from flotation test. Zeta potential 
measurements of galena, chalcopyrite and pyrite suspensions before and after chitosan 
addition revealed that chitosan has stronger and preferential interaction with pyrite 
surface as indicated by the dramatic shift in the zeta values of the mineral before and after 
the addition of chitosan.  This study shows that chitosan has a bright prospect to be used 








5. EFFECT OF NANOPARTICLES ON DYNAMIC FROTH STABILITY AND 
FLOTATION PERFORMANCE OF COMPLEX SULFIDE ORE 
5.1. BACKGROUND 
 
Foams are the end products in a lot of processing industries including mining, 
food, and cosmetics. This makes understanding foam formation and stability very 
important. Foams are defined as  mixtures of immiscible fluids containing a dispersed gas 
phase and a continuous liquid phase [141]. In mineral processing industry foam/froth 
stability and structure is very important as froth stability is the key factor determining the 
efficiency of the process. If froth collapses, hydrophobic mineral particles drop back into 
the flotation cell, thus causing loss of the product [73], [87], [142], [143]. To prevent 
collapse of the foam/froth and increase its stability, different industries use proteins and 
surfactants to modify the liquid gas interface of the foam [144]. In mineral flotation, 
frothers, along with feed particle size, particle hydrophobicity, and particle concentration 
play a vital role in the stability and mobility of the froth phase. Achieving critical values 
of these factors can help immensely in the stabilization of froth [82][19].Recently, 
interest has been growing among the researchers to examine the ability of nanosized 
particles to stabilize the foams. Nanosized particles are believed to act as surfactants 
when adsorbed to a fluid-fluid interface [144][121], [145][146][94], [147]–[150]. It has 
been found that nanoparticles have great ability to be adsorbed onto a liquid-air interface 
due to the high adsorption energies of these particles. Once adsorbed, these nanoparticles 
act as steric barriers inhibiting bubble coalescence resulting in very stable froths [42]. 
The aforementioned observations from the literature make a strong case for nanoparticles 
to be utilized in the froth flotation process to enhance the stability of froth.Nanoparticles 
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have not been used in mineral processing industry for this purpose to date. The 
objective of this study is therefore to investigate the possibility of controlling dynamic 
froth stability and flotation performance through nanomaterials in flotation of complex 
sulfide ores. Two types of nanomaterials, aluminum oxide (Al2O3) and silicon dioxide 
(SiO2), are used in this study. This study is aimed to contribute towards making froth 
stability an easily controllable factor to enhance the efficiency of flotation performance. 
 
5.2. METHODOLOGY AND MATERIALS 
 
Details of the materials and methods used during this study are given below. All 
the lab scale equipment was provided by Missouri University of Science and Technology, 
USA. 
5.2.1. Materials.  Complex sulfide ore samples of Mississippi Valley-type  
(MVT)  were obtained from a mine located in North America. This ore was characterized 
using various techniques. Detailed characterization of feed can be found in Section 3. In 
order to adjust the pH of the flotation pulp, hydrochloric acid and sodium hydroxide were 
used. Sodium isopropyl xanthate, sodium cyanide and zinc sulfate were used as collector, 
pyrite depressant and sphalerite depressant, respectively. Fisher Scientific, USA, was the 
provider of all these reagents. The 4-Methyl-2–Pentanol Isobutyl Carbinol (MIBC), 
which was used as a frother, was obtained from ACROS, USA Inc. All flotation reagents 
were used without further purification. Nanomaterials were obtained from Sky Spring 
Nanomaterials Inc., USA. The properties of the two nanoparticles used in this study are 
given in Table 5.1. All flotation tests were conducted using deionized water. 
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Table 5.1. Properties of nanoparticles used. 
Material Purity % Particle 
size(nm) 





99.9 20 6.2 
SiO2 99.9 15-20 < 2 
 
 
5.2.2. Methods.  Nanoparticle suspensions was prepared by mixing one milligram  
(0.001 g) of sodium silicate in 40 mL of deionized water. After preparing sodium silicate 
solution, 0.14 g of nanoparticles was added to the solution. Nanoparticle solution was 
then sonicated to attain a stable suspension using vibra-cell sonicator from Sonics & 
Materials Inc., USA, as shown in Figure 5.1. 
Once the sonicator was turned on, an energy knob was placed at level 4. The 
tuning button was then pressed to see if the power needle was below or above 20. If the 
power needle showed any value other than 20, the tuning knob was rotated until it 
approached 20. This ensured the probe crystal achieved resonance frequency. During the 
tuning process, the probe was kept in the air. After tuning, the probe was inserted into the 
beaker containing nanoparticle solution. The probe was kept one inch from the bottom of 
the beaker. The energy knob was moved from level 4 to 10. The start button was pressed 





Figure 5.1.  Vibra-cell sonicator for stabilizing nanoparticle suspensions. 
 
 
5.2.3. Design of Experiments.  The face-centered rotatable central composite  
design was used to design both the flotation and froth stability experiments. A central 
composite design consists of a factorial or fractional factorial design having center points. 
This factorial design is supplemented with a group of “star points” that help in estimate 
the curvature of test results, as shown in Figure 5.2.  
Rotatable face-centered central composite design is a form of  central composite 
design in which the star points are at the center of each face of the factorial space, so α = 
± 1[151]. Table 5.2 lists the details of the experiment sets carried out during this study. 
Each set consisted of two experiments. A total of 56 sets of experiments were performed. 
Twenty-eight flotation experiment sets were carried out, including 14 sets of experiments 
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for each nanoparticle. Similarly, 28 sets of froth stability experiments were 




Figure 5.2. Central composite design. 
 
 
5.2.3.1. Froth flotation experiments.  Bulk flotation of galena and chalcopyrite  
was carried out in Denver flotation cell with an impeller diameter of 3.88 in and a 1L 
flotation tank.  In all the experiments, unadjusted pH and solids concentration (as per 
industrial application) were kept constant at 7.9 and 45% respectively. The optimum 
operation parameters, which were found through statistical analysis in Section 3, were 
also kept constant. The values of these operation parameters were 450 g/ton of sodium 
isopropyl xanthate, 80g/ton of NaCN, 700 g/ton of ZnSO4, 3 l/min of air, 1456 rpm of 
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impeller speed, and 8 min of flotation time. As frother (MIBC) has pronounced effect 
on froth stability, so its value was also varied between 0 to 50 g/ton of ore. Two types of  
 
 
Table 5.2. General experimental design for flotation and froth stability tests. 
Std Order Run 
Order 
Pt Type Blocks Frother(g/ton) Nanoparticle 
(g/ton) 
(Al2O3 & SiO2) 
 
1 1 1 1 0 0 
6 2 0 1 25 5 
2 3 1 1 50 0 
5 4 0 1 25 5 
7 5 0 1 25 5 
3 6 1 1 0 10 
4 7 1 1 50 10 
8 8 -1 2 0 5 
9 9 -1 2 50 5 
10 10 -1 2 25 0 
12 11 0 2 25 5 
13 12 0 2 25 5 
14 13 0 2 25 5 
11 14 -1 2 25 10 
 
 
nanoparticles, Al2O3 and SiO2, were added before the frother in variable amounts to test 
the effect of each on flotation performance. The sequence of reagent addition in froth 








5.2.3.2. Froth stability experiments.  For each flotation experiment, an 
identical froth stability experiments was run. All conditions were kept the same as in the 
flotation experiment, except the size of the cell used. In froth stability experiments, a 
specially designed high wall cell was used to prevent the overflow of froth. Further 





Fifty-six sets of experiments using the face-centered central composite design 
method were designed and conducted. In these tests, collector (sodium isopropyl 
xanthate) dosage, impeller speed, air rate, pyrite depressant (NaCN) dosage, sphalerite 
depressant (ZnSO4) dosage, and flotation time were kept constant. Only frother and 
nanoparticle dosage was varied to test the effect of these on flotation performance and 
froth stability. Each set consisted of two experiments. The results were analyzed using 
Minitab 17.0 software. 
5.3.1. Froth Flotation Results.  Fourteen sets of flotation experiments were  
performed for each type of nanomaterial to study its effect on flotation performance of 
bulk flotation of galena and chalcopyrite. After flotation, the froth (concentrate) was 
collected, dried, weighed and assayed for Pb, Cu, Zn, and Fe. The assays were 
determined using ICEP-OES and EDTA titration methods as applicable. Recovery was 
then calculated based on the dry concentrate weight (C), feed weight (F), feed assay of 
each element (f), and concentrate assay of each element (c). Table 5.3 shows the grade 
and recovery of different metals achieved in the ore when Al2O3 nanoparticles were used 
as flotation aid. 
Grade and recovery of Pb, Cu, Zn and Fe achieved in case of application of SiO2 
nano material is depicted by Table 5.4. 
5.3.2. Froth Stability Results.  For each type of nanoparticle, 14 sets of  
froth stability tests were carried out to analyze the effect of nanoparticles on the dynamic 
froth stability of the flotation process. Data collected from froth stability tests using 
Al2O3 nanoparticles is shown in Figure 5.4. 
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Table 5.3. Grade and recovery of Pb, Zn, Cu and Fe plus dynamic froth stability 




























































































































































































































































































































































Table 5.3. Grade and recovery of Pb, Zn, Cu and Fe plus dynamic froth stability 

























































































































































































































































































































































































































































































Table 5.4. Grade and recovery of Pb, Zn, Cu and Fe plus dynamic froth stability 
















































































































































































































































































































































































































Table 5.4. Grade and recovery of Pb, Zn, Cu and Fe plus dynamic froth stability 













































































































































































































































































































































































































































Figure 5.4. Time vs froth height data obtained via tracker software for 14 experimental 


























































































































Figure 5.4. Time vs froth height data obtained via tracker software for 14 experimental 

























































































































SiO2 nanoparticles were also used in 14 sets of experiments to find out the 
effect of these particles on froth stability. Figure 5.5 gives the graphs of froth height vs 









Figure 5.5. Time vs froth height data obtained via tracker software for 14 experiment runs 








































































































Figure 5.5. Time vs froth height data obtained via tracker software for 14 experiment runs 































































































































5.3.3. Mathematical Modelling.  Quadratic models were fitted to the 
 flotation and froth stability experimental results. A total of nine models were fitted for 
experiments involving each nanoparticle. These models describe equations for response 
variables including Pb grade, Pb recovery, Cu grade, Cu recovery, Zn grade, Zn recovery, 
Fe grade, Fe recovery and dynamic froth stability. Models for the response variables were 
chosen through a stepwise procedure with an alpha (α) value of 0.05. Resulting models 
from froth stability and flotation experiments involving Al2O3 nanoparticles are given by 
Equations 7 through 15: 
 




Pb Recovery = 46.84 + 2.373 Frother 








Cu Recovery = 16.72 + 1.756 Frother 
- 0.02204 Frother*Frother 
 
(10) 
Zn Grade= 1.221 + 0.07024 Frother - 0.1835 Al2O3 
- 0.001171 Frother*Frother + 0.01991 Al2O3*Al2O3 
(11) 
Zn Recovery = 2.934 + 0.04156 Frother 
 
(12) 
Fe = 2.0136 + 0.0581 Al2O3 
 
(13) 
Fe recovery = 2.808 + 0.0434 Frother + 0.6042 Al2O3 





Dynamic Froth Stability = 46.60 - 0.1476 Frother 
- 1.837 Al2O3 





Analysis of variance (ANOVA) was implied to estimate the significance of these 
models. Table 5.5 describes the results of the ANOVA analysis performed on these 
models. It can be seen that all fitted models are significant (p-value < 0.05). 
Figure 5.6 represents the predicted against actual values for dynamic froth 
stability along with % grade and % recovery of Pb, Cu, Zn, and Fe in case for Al2O3 
nanoparticles. A 1:1 correlation line for each of the plots is shown in Figure 5.6. The 
closer the points to the line, the better the agreement between the predicted values and the 
actual values.  
The coefficient of multiple determinations, R2 was found to be 90.65 %, 91.83%, 
82.84% , 93.68% , 86.79 %, 92.19 %, 62.17 %,  94.71 %, 78.88 % for Pb grade, Pb 
recovery, Cu grade, Cu recovery, Zn grade, Zn recovery, Fe grade, Fe recovery and 
dynamic froth stability respectively. The R2 value is higher than 80% in all cases except 
in case of Fe grade, meaning that these models could explain more than 80% of the total 
variations in the system and 60% for Fe grade. The high value of R2 indicates the 
reliability of quadratic equations under the given experimental domain.  
Models obtained through flotation and froth stability experiments involving SiO2 
nanoparticles with 95 % confidence interval are given through Equations 16 to 24: 
Analysis of variance (ANOVA) was applied to the models through Equations 16 to 
24.All models gave a p-value < 0.05.This ensures that all models are significant within a 
confidence interval of 95%. Table 5.6 describes the results of the ANOVA analysis 
performed on these models. Figure 5.7 embodies the predicted against the actual values 
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for dynamic froth stability in addition to % grade and % recovery of Pb, Cu, Zn and 
Fe, respectively. A linear correlation line for each of the plots is also shown in Figure 5.7. 
The coefficient of multiple determinations, R2 , was found to be 92.95%, 94.09%, 86.78% 
, 86.73% , 83.78 %, 83.83%, 29.68%, 79.81 %, 91.07% for Pb grade, Pb recovery, Cu 
grade, Cu recovery, Zn grade, Zn recovery, Fe grade, Fe recovery, and dynamic froth 
stability, respectively. R2 value is higher than or equal to approximately 80% in all cases 
except Fe grade. This means that the models could explain more than 80% of the total 
variations in the system except for Fe grade. An R2 value of 29.68% is very low for Fe 
grade, and thus the results from this model may not be very accurate for Fe grade. 
5.3.4. Optimization.  Response optimizer in Minitab 17.0 was employed to find  
the optimum conditions to achieve maximum Pb grade, Pb recovery, Cu grade, Cu 
recovery and dynamic froth stability, while minimizing the grade and recovery of Zn and 
Fe for both Al2O3 and SiO2 nanoparticle aided flotation. All the results were computed 
using Equations 7 to 24 within the experimental range of the study. The optimum 
flotation conditions found when Al2O3 nanoparticles were used as flotation aid were 35.3 
g/ton of frother (MIBC) and 2.2 g/ton of Al2O3 nanoparticles, as shown in Figure 5.8.  
The corresponding values of Pb grade, Pb recovery, Cu grade, Cu recovery, Zn 
grade, Zn recovery,Fe grade, Fe recovery, and dynamic froth stability achieved at these 
conditions  Figure 5.9 gives the optimum flotation conditions of frother (MIBC) and SiO2 
nanoparticles to achieve the desired results.The optimum values of MIBC and SiO2 were 
found to be 21.7 g/ton and 10 g/ton respectively. The values of Pb grade, Pb recovery, Cu 
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Table 5.5. ANOVA analysis results of the developed models for flotation and froth 
stability experiments using Al2O3 nanoparticles. 









Pb grade Model 137.09 1 137.09 116.37 <0.0
5 Residual 14.137 12 1.178   
Pb 
Recovery 
Model 4278.6 2 2139.3 61.84 <0.0
5 Residual 380.5 11 34.6   
Zn grade Model 2.195 4 0.548 14.78 0.00
1 Residual 0.334 9 0.037   
Zn 
recovery 
Model 6.47 1 6.47 141.67 0.00
1 Residual 0.548 12 0.045   
Cu grade Model 4.130 2 2.065 26.55 <0.0
5 Residual 0.855 11 0.077   
Cu 
recovery 
Model 2256.93 2 1128.46 84.06 <0.0
5 Residual 147.67 11 13.42   
Fe grade Model 0.505 1 0.505 19.72 0.00
1 Residual 0.307 12 0.0256   
Fe 
recovery 
Model 37.54 3 12.515 59.71 <0.0




Model 504.162 3 168.054 12.45 0.00




Figure 5.6. Plot showing the actual vs predicted values of Pb grade, Pb recovery, Cu 
grade, Cu recovery, Zn grade, Zn recovery, Fe grade, Fe recovery and dynamic froth 




Pb grade = 47.54 + 0.6988 Frother + 1.017 SiO2 
- 0.00989 Frother*Frother 
- 0.04672 Frother*SiO2 
 
(16) 




Cu grade = 2.378 + 0.03130 Frother + 0.0842 SiO2 








Zn Grade= 2.1275 + 0.00060 Frother - 0.0673 SiO2 




Zn recovery = 6.199 - 0.0121 Frother - 0.3095 SiO2 








Fe recovery = 9.131 - 0.0090 Frother - 0.3020 SiO2 




Dynamic Froth Stability = 35.10 - 0.0632 Frother - 1.334 SiO2 







grade, Cu recovery, Zn grade, Zn recovery, Fe grade, Fe recovery and dynamic froth 
stability obtained at these conditions were 58.08%, 92.06%, 3.26%, 50.88 %, 1.80%, 




Results from froth flotation tests carried with nano material Al2O3, with nano 
material SiO2 and without the aid of nanomaterials are as shown in Figure 5.10.  
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Table 5.6. ANOVA analysis results of the developed models for flotation and froth 
stability experiments using SiO2 nanoparticles. 






Pb grade Model 273.92 4 68.48 29.66 <0.05 
Residual 20.77 9 2.309   
Pb 
Recovery 
Model 3451.73 2 1725.87 87.54 <0.05 
Residual 216.86 11 19.71   
Zn grade Model 0.534 3 0.17825 17.22 <0.05 
Residual 0.1035 10 0.010352   
Zn 
recovery 
Model 8.37 3 2.79 17.28 <0.05 
Residual 1.614 10 2.79   
Cu grade Model 1.591 3 0.530 21.88 <0.05 
Residual 0.242 10 0.02423   
Cu 
recovery 
Model 1824.63 2 912.31 35.39 <0.05 
Residual 279.29 11 25.39   
Fe grade Model 0.436 1 0.436 5.06 0.044 
Residual 1.034 12 0.0861   
Fe 
recovery 
Model 7.500 3 2.5001 13.17 0.001 




Model 655.24 3 218.415 33.99 <0.05 




Figure 5.7. Plot showing the actual vs predicted values of Pb grade, Pb recovery, Cu 
grade, Cu recovery, Zn grade, Zn recovery, Fe grade, Fe recovery and dynamic froth 






































Pb grade precdicted (%)*Pb grade (%) Pb recovery predicted (%)*Pb Recovery (%) Cu grade predicted (%)*Cu grade (%)
Cu recovery predicted (%)*Cu Recovery (%) Zn grade predicted (%)*Zn grade (%) Zn recovery predicted (%)*Zn recovery (%)
Fe grade predicted (%)*Fe grade (%) Fe recovery predicted (%)*Fe recovery (%) Dynamic froth stability predict*Dynamic Froth Stability
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From Figure 5.10, it can be seen that the addition of Al2O3 nanoparticles 
increase dynamic froth stability by 26.4%, while there was no significant increase in the 
dynamic froth stability when SiO2 nanoparticles were used. As nanoparticles increase the 
froth stability being adsorbed onto liquid air interface and preventing the bubble 
coalescence (Figure 5.11), it can be established from the above observation that SiO2 
nanoparticles do not get adsorbed while Al2O3 nanoparticles do get ad Effect of nano 
particles Al2O3 concentration on dynamic froth stability is given by Figure 5.12.It is 
observed that at frother concentration below 10 g/ton, froth stability decreases with the 
increase of Al2O3 concentration from 0 to 10 g/ton. At frother concentration above 30 
g/ton, situation is reversed as froth stability starts to increase with the increase in dosage 
of Al2O3 nanoparticles. This signifies the joint action of frother and nano particles as it 
seems that frother helps adsorb nano particles onto the liquid film between mineral laden 
air bubbles. Regarding the effect of nanoparticles on flotation performance, there was 
0.85 % increase in Pb grade when Al2O3 nanoparticles were added in the system while 
Pb grade decreased by 2% when SiO2 nanoparticles were added. The addition of Al2O3 
nanoparticles increased Pb recovery by 3%, while there was no significant increase 
observed for SiO2 nanoparticles. Cu grade was not significantly influenced by the 
addition of both type of nanoparticles. Cu recovery, however unexpectedly decreased 
when either types of nanoparticles were added. The decrease in Cu recovery was found to 
be 4%  for SiO2 nanoparticles and 3.5% for Al2O3 nanoparticles. Both types of 
nanoparticles had no effect on Zn grade. A decrease of 0.8 % was detected in Zn recovery 
by virtue of addition of both types of nanoparticles. Al2O3 nano particle addition 
decreased both Fe grade and recovery. SiO2 nanoparticles, however, resulted in a rise of 
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0.6% in Fe grade and 0.7% in Fe recovery, which was not desired as Fe was targeted 




Figure 5.8. Optimum concentrations of frother (MIBC) and Al2O3 nanoparticles and 
corresponding values of Pb grade, Pb recovery, Cu grade, Cu recovery, Zn grade, Zn 





Figure 5.9. Optimum concentrations of frother (MIBC) and SiO2 nanoparticles and 
corresponding values of Pb grade, Pb recovery, Cu grade, Cu recovery, Zn grade, Zn 




Figure 5.10. Comparison of Pb grade, Pb recovery, Cu grade, Cu recovery, Zn grade, Zn 
recovery, Fe grade, Fe recovery and dynamic froth stability achieved in case of froth 
flotation tests carried with and without the aid of nanomaterials. Two types of nano 
materials namely Al2O3 and SiO2 were used. Results from the flotation tests without nano 
materials are represented by frother columns. 
 
 
Based on the observations done during this study, it can be concluded that 
nanoparticles can have positive influence on froth stability and flotation performance of 
complex sulfide ore flotation. However, it is important to select the correct type of 
nanoparticles for each ore type. In the current study, Al2O3 was found to be a suitable 
type of nano particle for sulfide ore flotation because it not only enhanced the forth 
stability but also increased the Pb grade and recovery, thus enhancing flotation 
performance. On the other hand, SiO2 nanoparticles were not able to augment froth 
















Figure 5.11. Nanoparticles adsorption on the liquid-air interface. Nanoparticles 
effectively prevent small air bubbles from coalescence to form large bubbles. 
 
 
It is recommended to carry out fundamental research to uncover the reasons of 
preferential adsorption of Al2O3 nanoparticles on liquid air interface in the case of sulfide 
ore flotation. More types of nanoparticles should also be tried to determine the most 
suitable type of nanoparticles to control froth stability and flotation performance of 


















































6. EFFECT OF THE USE OF SEA WATER ON DYNAMIC FROTH 
STABILITY AND GRADE AND RECOVERY OF PB AND CU IN COMPLEX 
SULFIDE ORE FLOTATION 
6.1. BACKGROUND 
 
  Freshwater resources are becoming scarce as fresh water resources like rivers and 
groundwater are becoming depleted in dry regions. In arid regions, the importance of 
saving freshwater resources is increasing. Mineral deposits are normally found in remote 
areas with limited freshwater resources. The Atacama Desert, which is the heart of 
Chilean Copper Industry is a prime example of the problems pertaining to freshwater 
resources. As mineral processing plants use extensive amounts of water, especially in 
flotation, water scarcity is being considered as one of the major challenges being faced by 
the mining and processing industry. In this scenario, use of seawater as replacement of 
fresh water is becoming one of the most promising solutions to make mineral processing 
a sustainable option in future [122], [123]. The biggest challenge facing the use of 
seawater as processing water is achieving the same recoveries and grade of minerals as in 
fresh water [122]. Froth stability plays a very important role in determining concentrate 
grade and recovery in flotation operations, in order for the mineral processing industry to 
achieve sustainability,  there is an urgent need to study the effect of seawater on froth 
stability and flotation performance [68]. 
This study is aimed at investigating the effect of seawater on dynamic froth 
stability and flotation performance in flotation of complex sulfide ores. The regression 
equations will be computed to obtain the reagent amounts necessary for the desired grade 
and recovery when seawater will be replaced with fresh water. 
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6.2. METHODOLOGY AND MATERIALS 
 
 Details of materials and methods used in this study are given below. All the lab 
equipment was provided by Missouri University of Science and Technology, USA. 
6.2.1. Materials.  Mississippi Valley-type (MVT) sulfide ore was obtained from a  
mine located in North America. This ore was characterized using various techniques. 
Complex sulfide ore has never been processed in seawater before this study to the 





Figure 6.1. MVT deposits found throughout the world. 
 
 
Some of these MVT deposits are situated in countries like Saudi Arabia, Iraq and 
Australia, all near the coast. These countries also have challenges with respect to limited 
freshwater resources [124]. 
Detailed characterization of feed can be found in Section 3. Hydrochloric acid and 
sodium hydroxide were used as pH modifiers. Sodium isopropyl xanthate, sodium 
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cyanide and zinc sulfate were used as collector, pyrite depressant and sphalerite 
depressant, respectively. These chemicals were obtained from Fisher Scientific, USA. 
The 4-Methyl-2- pentanol isobutyl carbinol (MIBC) which was used as frother was 
obtained from ACROS, USA Inc. All flotation reagents were used without further 
purification. Sea salt was obtained from Lake Products Company LLC, Florissant, Mo, 








6.2.2. Methods.  Simulated seawater was prepared as per the ASTM D 1141-
98 standard.To make a 1 liter solution, 41.953 grams of sea salt was added to deionized 
water. After mixing pH of the solution was adjusted to 8.2 using 0.1 N sodium hydroxide. 
6.2.2.1. Design of experiments.  The face-centered rotatable central composite  
design was used to design both the flotation and froth stability experiments. Table 6.1 
lists the detail of experiment sets carried out during this study. Each set consisted of two 
experiments. A total of 56 sets of experiments were performed. Twenty-eight flotation 
experiment sets were carried out including 14 sets of seawater experiments and 14 sets of 
freshwater experiments. Similarly, 28 sets of froth stability experiments were performed 
including 14 sets of experiments for each water type. 
6.2.2.2. Froth flotation experiments.  Bulk flotation of galena and chalcopyrite  
was carried out in a Denver flotation cell with an impeller diameter of 3.88 in and a 1L 
flotation tank.  In all experiments, solids concentration (as per industrial application) was 
kept constant at 45% , while pH for fresh and sea water were maintained at unadjusted 
values of 7.9 and 8.2 respectively. The optimum operation parameters that were found 
through statistical analysis in Section 3 were also kept constant. Only frother (MIBC) and 
collector dosage were varied, as these have a pronounced effect on froth stability as 
shown in Table 6.1. The sequence of reagent addition in froth flotation experiments is 
given in Figure 6.3. 
6.2.2.3. Froth stability experiments.  For each flotation experiment, an identical  
froth stability experiments was run. Froth stability experiments were carried out in two 
types of process water, sea and tap water to test the effect of seawater on froth stability.   
All conditions were kept same as in the flotation experiment, except the size of the cell  
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Table 6.1. General experimental design for flotation and froth stability tests. 





23 1 -1 2 349 400 Fresh 
19 2 0 2 180 400 Sea 
25 3 -1 2 180 682 Fresh 
18 4 -1 2 180 682 Sea 
27 5 0 2 180 400 Fresh 
24 6 -1 2 180 117 Fresh 
20 7 0 2 180 400 Sea 
26 8 0 2 180 400 Fresh 
21 9 0 2 180 400 Sea 
28 10 0 2 180 400 Fresh 
16 11 -1 2 349 400 Sea 
17 12 -1 2 180 117 Sea 
15 13 -1 2 10 400 Sea 
22 14 -1 2 10 400 Fresh 
14 15 0 1 180 400 Fresh 
13 16 0 1 180 400 Fresh 
1 17 1 1 60 200 Sea 
9 18 1 1 300 200 Fresh 
10 19 1 1 60 600 Fresh 
3 20 1 1 60 600 Sea 
8 21 1 1 60 200 Fresh 
4 22 1 1 300 600 Sea 
12 23 0 1 180 400 Fresh 
5 24 0 1 180 400 Sea 
2 25 1 1 300 200 Sea 
11 26 1 1 300 600 Fresh 
7 27 0 1 180 400 Sea 









used. As mentioned in Section 4, froth stability experiments were conducted in a 
specially designed high-wall cell to prevent the overflow of froth. This allowed the rise of 







Fifty-six sets of experiments using the face-centered central composite design 
method were designed and conducted. In these tests, impeller speed, air rate, pyrite 
depressant (NaCN) dosage, sphalerite depressant (ZnSO4) dosage, and flotation time 
were kept constant. Frother dosage, collector dosage and type of process water were 
varied to test the effect of these on flotation performance and froth stability. Each set 
consisted of two experiments. The results were analyzed using “Minitab 17.0” software. 
6.3.1. Froth Flotation Results.  Fourteen sets of flotation experiments were  
performed for each type of process water to study its effect on flotation performance of 
bulk flotation of galena and chalcopyrite. After flotation, the froth (concentrate) was 
collected, dried, weighed, and assayed for Pb, Cu, Zn, and Fe. The assays were 
determined using ICEP-OES and EDTA titration methods as applicable. Recovery was 
then calculated using Equation 6 in Section 3. Table 6.2 shows the grade and recovery of 
different metals achieved in the ore when fresh water was used in flotation. 
 Grade and recovery of Pb, Cu, Zn and Fe achieved in application of seawater as 
process water is depicted by Table 6.3. 
6.3.2. Froth Stability Results.  For each type of process water, 14 sets of froth  
stability tests were carried out to analyze the effect of each on the dynamic froth stability. 
Data collected from froth stability tests using fresh water is shown in Figure 6.4. 
Seawater was also used in 14 sets of experiments to find out its effect on froth 
stability. Figure 6.5 shows froth height vs time; measured during these experiments. All 




Table 6.2. Grade and recovery of Pb, Zn, Cu and Fe plus dynamic froth stability 





































































































































































































































































































































































































































































Table 6.2. Grade and recovery of Pb, Zn, Cu and Fe plus dynamic froth stability 






















































































































































































































































































































6.3.3. Mathematical Modelling.  Quadratic models were fitted to the results of  
flotation and froth stability experimental results. A total of nine models were fitted for 
experiments involving each type of water. These models describe equations for response 
variables including Pb grade, Pb recovery, Cu grade, Cu recovery, Zn grade, Zn recovery, 
Fe grade, Fe recovery, and dynamic froth stability. Models for the response variables 
were chosen through a stepwise procedure with an alpha (α) value of 0.05. Resulting 
models from froth stability and flotation experiments involving fresh water are given by 
the Equations 25 through 33. 
  
140 
Table 6.3. Grade and recovery of Pb, Zn, Cu and Fe plus dynamic froth stability 









































































































































































































































































































































































































































Table 6.3. Grade and recovery of Pb, Zn, Cu and Fe plus dynamic froth stability 







































































































































































































































































































































































. Figure 6.4. Time vs froth height data obtained via tracker software for 14 experiment 

























































































































Figure 6.4. Time vs froth height data obtained via tracker software for 14 experiment runs 




















































































































Figure 6.5. Time vs froth height data obtained via tracker software for 14 experiment runs 



























































































































Figure 6.5. Time vs froth height data obtained via tracker software for 14 experiment runs 












































































































Pb Recovery(%) = 43.30 - 0.0357 frother - 0.0364 collector 








Cu Recovery (%) = 27.02 - 0.0018 frother + 0.0883 collector 




Zn grade (%) = 2.4395 + 0.000765 frother + 0.000357 collector 













Fe Recovery (%) = 15.96 - 0.0058 frother - 0.00889 collector 




Dynamic froth stability = 35.03 - 0.0583 frother - 0.01157 collector 






 Models obtained through flotation and froth stability experiments involving 
seawater with a 95 % confidence interval are given through Equations 34 to 42. 
 




Pb Recovery(%) = 103.22 - 0.1909 frother - 0.0364 collector 





Cu grade (%) = 2.354 - 0.003163 collector 




Cu Recovery (%) = 56.09 - 0.0646 frother + 0.0883 collector 




Zn grade (%) = 2.5273 + 0.000765 frother + 0.000357 collector 




Zn Recovery (%) = 8.89 + 0.0631 collector 









Fe Recovery (%) = 30.69 - 0.0433 frother - 0.00889 collector 




Dynamic froth stability = 27.90 - 0.0583 frother - 0.01157 collector 








For estimation of the significance of these models, analysis of variance (ANOVA) 
was applied. Table 6.4 describes the results of the ANOVA analysis performed on these 
models. It can be seen that all fitted models are significant (p-value < 0.05). 
Figure 6.6 represents the predicted against actual values for dynamic froth 
stability along with % grade and % recovery of Pb, Cu, Zn and Fe for fresh and seawater. 
A 1:1 correlation line for each of the plot is also shown in Figure 6.6. The closer the 
points to the line, the better the agreement between the predicted values and the actual 
values.The coefficient of multiple determinations, R2 was found to be 92.01%, 94.26%, 
90.25% , 94.12% ,90.64%, 88.67%, 94.41%, 88.64%, and 80.55% for Pb grade, Pb 
recovery, Cu grade, Cu recovery, Zn grade, Zn recovery, Fe grade, Fe recovery, and 
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dynamic froth stability, respectively. The R2  value is higher than 80% in all cases. 
This means that these models could explain more than 80% of the total variations in the 
system. The high value of R2 indicates that the quadratic equations are capable of 
representing the system under the given experimental domain. 
 
 
Table 6.4. ANOVA analysis results of the developed models for flotation and froth 
stability experiments using fresh and seawater. 






Pb grade Model 634.604 4 158.651 72.29 <0.05 
Residual 559.90 23 2.395   
Pb 
Recovery 
Model 9199.00 5 1839.80 61.84 <0.05 
Residual 559.90 22 25.45   
Zn grade Model 0.443972 5 0.088794 42.62 <0.05 
Residual 0.045839 22 0.002084   
Zn 
recovery 
Model 1367.96 1 341.99 44.98 <0.05 
Residual 174.88 23 7.60   
Cu grade Model 7.1704 3 2.39012 74.06 <0.05 
Residual 0.7745 24 0.03227   
Cu 
recovery 
Model 2256.93 2 1128.46 84.06 <0.05 
Residual 147.67 11 13.42   
Fe grade Model 15.3085 5 3.0617 74.34 <0.05 
Residual 0.9061 22 0.0412   
Fe 
recovery 
Model 578.549 5 115.710 34.35 <0.05 




Model 550.70 5 110.140 18.22 <0.05 




Figure 6.6. Plot showing the actual values vs predicted values of Pb grade, Pb recovery, 
Cu grade, Cu recovery, Zn grade, Zn recovery, Fe grade, Fe recovery and dynamic froth 






































Pb grade predicted*Pb grade(%) Pb recovery predicted*Pb Recovery(%) Cu grade predicted*Cu grade (%)
Cu reocvery predicted*Cu Recovery (%) Zn grade predicted*Zn grade (%) Zn recovery predicted*Zn Recovery (%)
Fe grade predicted*Fe grade (%) Fe reovery predicted*Fe Recovery (%) Dynamic froth stability predict*Dynamic froth stability
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6.3.4.  Optimization.  The response optimizer in Minitab 17 was employed to  
find the optimum conditions to achieve maximum Pb grade, Pb recovery, Cu grade, Cu 
recovery, and dynamic froth stability while minimizing the grade and recovery of Zn and 
Fe in both Al2O3 and SiO2 nanoparticles-aided flotation. All the results were computed 
using model Equations 25-42 within the experimental range of the study. The optimum 
flotation conditions for frother and collector found when seawater was used in flotation 
were 92.57 g/ton of frother (MIBC) and 117.15g/ton of collector, as shown in Figure 6.7. 
The corresponding values of Pb grade, Pb recovery, Cu grade, Cu recovery, Zn grade, Zn 
recovery ,Fe grade, Fe recovery and dynamic froth stability achieved at these conditions 
were 17.13 %, 84.57%, 2.01%, 59.79%, 2.6%, 15.25%, 2.75% and 26.47% and 22.41% 
,respectively. Figure 6.8 gives the optimum flotation conditions of frother (MIBC) and 
collector for the desired results in freshwater. The optimum values of MIBC and collector 
were found to be 349.7 g/ton and 551.4 g/ton respectively. The values of Pb grade, Pb 
recovery, Cu grade, Cu recovery, Zn grade, Zn recovery, Fe grade, Fe recovery and 
dynamic froth stability obtained at optimum flotation conditions were 28.64%, 69.25%, 
2.27%, 54.39 %, 2.47%, 7.28%, 3.54%, 23.84% and 30.80%, respectively. 
 
6.4. CONTOUR PLOTS 
 
To help view the changes in dynamic froth stability, Pb recovery and Cu recovery 
when process water is changed from fresh to sea water, contour plots were generated. 
Figure 6.9 and 6.10 show the effect of varying dosages of collector and frother on 
dynamic froth stability in the case of sea and fresh water respectively. 
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It can be seen from Figures 6.9 and 6.10 that a higher value of dynamic froth 
stability is achieved when fresh water is used as process water. It can therefore be 
inferred that in sulfide mineral flotation, ions present in sea water decrease the stability of 
froth. Another interesting observation from Figure 6.9 and 10 is that,  in both  fresh or sea 
water case, froth is found to be more stable below a collector dosage of 400 g/ton and 
frother dosage of  100 g/ton. As collector and frother dosage is increased above these 
values in both fresh and seawater cases, froth starts to become unstable. Froth again 
becomes stable as the collector and frother dosages exceed 500 g/ton and 150 g/ton 
respectively. 
Figures 6.11 and 12 illustrate the effect of varying dosages of collector and frother 
on Pb recovery when sea or fresh water is used respectively. When sea water is used  20 
% higher recovery of Pb is achieved as compared to fresh water. Sea water also consumes 
less amount of collector and frother to achieve this recovery. This clearly shows that sea 
water can be used effectively and economically when high Pb recovery is required in 
complex sulfide ore flotation.Effect of type of process water on recovery of Cu with 
varying dosages of collector and frother is elucidated in Figures 6.13 and 6.14. Again in 
sea water, a higher Cu recovery of 65 % is achieved as compared to fresh water, in which 
case a cu recovery of 50 % is accomplished. Moreover, less amount of reagents are 




Results from froth flotation tests carried with sea and fresh water are plotted in 




Figure 6.7. Optimum concentrations of frother (MIBC) and collector and corresponding 
values of Pb grade, Pb recovery, Cu grade, Cu recovery, Zn grade, Zn recovery, Fe grade, 





Figure 6.8. Optimum concentrations of frother (MIBC) and collector and corresponding 
values of Pb grade, Pb recovery, Cu grade, Cu recovery, Zn grade, Zn recovery, Fe grade, 





Figure 6.9. Contour plot of dynamic froth stability with varying dosages of frother and 




Figure 6.10. Contour plot of dynamic froth stability with varying dosages of frother and 





























































Figure 6.15. Comparison of Pb grade, Pb recovery, Cu grade, Cu recovery, Zn grade, Zn 
recovery, Fe grade, Fe recovery, and dynamic froth stability achieved in froth flotation 
tests with fresh and seawater as process water.  
 
 
dynamic froth stability decreased by 8% as compared to when fresh water was used. This 
decrease in froth stability can be explained based on the joint effect of frothers and 
collectors with seawater. Much research has been done on the joint action of frother and 
inorganic salts on froth stability. It is well known that both frothers and salts have the 
ability of reduce bubble size and stop bubble coalescence. Frothers do this by reducing 
the surface tension of the solution. This ability of frothers is enhanced in a saline 
atmosphere, and thus an increase in froth stability is observed in saline water [125], 
[126]. Collector, on the other hand, has quite an opposite effect on froth stability. Sodium 
isopropyl xanthate was found to decrease the froth stability in a saline solution [127]. 
Xanthate collectors are specifically found to cause bubble coalescence and destabilization 


































Sea water Fresh Water
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stability, ions in seawater also play a role in decreasing foam thickness as shown in 









Based on the literature and the experimental results gathered in this study, the 
decrease in froth stability in the case of seawater flotation can be attributed to the joint 
action of sodium isopropyl xanthate and saline water augmented by the destabilizing 
effect of ions on froth stability. Regarding the effect of seawater on flotation 
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performance, it was observed that recovery of  the metals Pb, Cu, Zn, and Fe was 
enhanced by 15.37 %, 5.4 %, 7.9%, and 2.6% respectively, when seawater was used. This 
increase is in line with the previous literature conducted in different ores. Use of seawater 
resulted a decrease in grade of all the metals except Zn, where change was negligible. 
Reduction in Pb, Cu, and Fe grade was found to be 11.52%, 0.26%, and 0.8%, 
respectively. This decrease in grades may be attributed to the depressing action of ions 
present in seawater on certain metals. This assumption is based on the evidence as 
observed in molybedenite depression in seawater due to the action of ions present in 
seawater [129]. 
Based on the observations done during this study it can be concluded that 
seawater reduces froth stability in complex sulfide ore flotation. However, the effect of 
seawater on flotation performance is positive overall. However it is important to adjust 
the frother and collector dosages when using seawater. This study has laid the foundation 
of selecting the proper reagent dosages for complex sulfide ore flotation by generating 
mathematical models as given by Equations 34 to 42. 
It is recommended that fundamental research be conducted to determine the 
depressing effect of different ions in seawater on different metals in complex sulfide ore 
flotation. It is also suggested to test nano materials in seawater which may enhance the 






7. ARTIFICIAL INTELLIGENCE AND MACHINE LEARNING MODELS 
FOR PREDICTING THE METALLURGICAL PERFORMANCE OF 
COMPLEX SULFIDE ORE FLOTATION PROCESS 
7.1. BACKGROUND 
 
In recent times, artificial intelligence (AI) methods particularly artificial neural 
network (ANN) have been used for predicting the metallurgical performance based on 
certain important operational variables for a flotation set-up. ANN with a single hidden 
layer have been used to predict the flotation performance by using the froth visual 
parameters including bubble size and bubble color as the only two inputs [157]. A 
comparison was carried out for the prediction performance of non-linear ARMAX, 
Takagi and Sugeno Fuzzy Logic, fuzzy combinational, projection on latent states (PLS), 
wavelet based models and Multi layered ANN for concentrate grade. It was concluded 
that PLS performed slightly better than ANN and significantly better than rest of the 
methods [158]. Least square support vector machine (LS – SVM) had been employed for 
predicting grade of both the concentrate and tailing from a floatation plant [159]. 
Multilayered ANN and Random Forest (RF) models were used for predicting the 
platinum concentrate grade by using froth images. Air flow rate, level of pulp along with 
the collector, activator, depressant and frother dosage were used as the inputs. ANN was 
found to outperform RF [160]. Adaptive principle component analysis (APCA) and 
composite kernel support vector regression (CK – SVR) have been used for predicting 
the concentrate grade and recovery of a for a flotation circuit [161]. An improved back 
propagation neural network method for predicting the concentrate grade for mineral 
floatation process has been recently introduced. PCA algorithm has been used in this 
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method to extract bubble characteristics by processing the digital images obtained 
during the process [162]. Multi layered ANN and Multivariate Non-Linear Regression 
(MNLR) have been used for predicting the grade and recovery of copper and 
molybdenum for a flotation column plant. It was found that back propagation ANN has 
better prediction capability than MNLR [163]. Artificial Neural Network (ANN) has also 
been used for metallurgical performance prediction of copper and molybdenum grades 
[114]. Performance of a copper flotation plant has been maintained through a controller 
using fuzzy logic model [115]. ANN has been successfully used for predicting the iron, 
phosphorus, sulfur and iron oxide recoveries from the final concentrate of iron ore 
flotation plant. Particle size along with iron, phosphor, sulfur and iron oxide percentage 
contents of run-on-mine were used as the inputs for the model [164]. Satisfactory results 
were obtained via Mamdani Fuzzy logic (MFL) model to predict the iron and copper 
recoveries for a copper flotation plant. Operational method, bacteria type and time was 
used as the input parameters for the model and satisfactory prediction results were 
obtained [116]. In another study, Multi layered ANN were employed for developing 
predict models for grade and recovery of copper and molybdenum. Collector dosage, 
frother dosage, F-oil dosage, pH of pulp, particle size, moisture content, solid percentage 
and copper, molybdenum and iron grade in feed were used as the input parameters to 
predict the metallurgical performance [117]. Work has been done to compare the non-
linear regression technique, ANN and Adaptive Neuro Fuzzy Inference System (ANFIS) 
for predicting copper grade and recovery. Flow rate of the gas, solid percentage, pH of  
the slurry, frother & collector dosages were used as the input parameters. It was shown 
that ANN and ANFIS performed better than the statistical method [165].  
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Various artificial intelligence (AI) methods, mainly neural networks have 
been used by previous researchers for predicting the performance of a flotation process. 
This study is the first attempt in developing five of the main artificial intelligence (AI) 
and machine learning (ML) models for predicting the grade and recovery of bulk 
flotation of chalcopyrite and galena. All the credit for programming the models goes to 
Danish Ali, who is a current PhD student in Mining engineering department at Missouri S 
& T.This work when up scaled to plant level, will provide the required framework to test 
various flotation configurations with no cost and time expense, obtain the optimal values 
for all the variables and design the plant as per the required specifications. 
 
7.2. FLOTATION EXPERIMENTS    
 
Two sets of 62 flotation experiments were carried out to test the effect of seven 
operational variables on flotation performance (Table 3.1). Details of the process and 
results are discussed in Section 3. Same results are being used to apply AI and ML 
models to predict the flotation performance. 
 
7.3. MACHINE LEARNING (ML) & ARTIFICIAL INTELLIGENCE (AI)  
       MODELS 
 
Five of the main ML and AI models namely Artificial Neural Network (ANN), 
Adaptive Neuro Fuzzy Inference System (ANFIS), Mamdani Fuzzy logic (MFL), 
Random Forest (RF) and Hybrid Neuro Fuzzy Inference System (HyFIS) introduced by 
Rosenblatt [166], Jang [167], Mamdani [168], Breiman [169] and Kim and Kasabov 
[170], respectively, were used for predicting the metallurgical performance of bulk 
flotation of galena and chalcopyrite. 
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7.3.1. Tree Based Method.  Random forest method, was developed by  
Breiman (2001). This method not only looks at the correlation, but also takes into  
account the interactions between the features. Random forest has a binary tree as its basic 
component. This tree is constructed by using the Recursive partitioning (RPART). After 
this, classification and regression tree (CART) is used to expand the base learner. 
Partinioing of each tree is done into consistent or near consistent nodes. Random trees are 
combined to  build a complete random forest. Each tree is constructed using data set from 
the training data, also known as bootstrap data sample.The remaining training data set 
samples are known as out–of –bag observations. Set of variables at each node split of a 
tree are also assigned randomly. Correlation among the trees is ensured through these 
randomness inducing layers and therefore low variance forest is constructed. Figure 7.1 
shows the working of a random forest algorithm [169].  
7.3.2. Artificial Neural Network.  Artificial neural network (ANN) is a 
intensive computation method based on mimicking the functioning of human brain [171]. 
ANN consists of three main layers consisting of Input, Output and single or multiple 
Hidden layers. Each layer in the networks comprises several neurons or nodes. The 
neurons in different layers are connected with each other through weighted connections. 
Each connection between the neurons of different layers is  assigned a random weight 
[172]. Input data is provided to the input layer which transmits it to the first hidden layer. 
From the first hidden layer, data is transmitted to anyother hidden layer culminating in 
the output layer. Neurons present in the hidden layer and the output layer of ANN, 
process the data and apply weights to them based on the closeness of the predicted and 




Figure 7.1. RF Algorithm. Tn and Wn indicates the n
th tree and weight, respectively. If un-
weighted method is used: W1 = W2 =….= Wn = 1 [173]. 
 
 
make sure the neuron produces a non-zero output even if inputs are zero. An activation or 
transfer function is used by the neurons to process the weighted inputs and the output is 
generated. Most commonly used transfer functions include Sigmoid, Gaussian, 
Hyperbolic Tangent and Hyperbolic Secant [174].  
The most commonly used ANN method is Multi-layer perceptron (MLP) in 
supervised learning [175]. Figure 7.2 shows the general MLP structure with a single 
hidden layer. Expression providing the output for MLP model is given by Equation 
43[176]–[178]. 
 









































Wji = Hidden layer weight connecting hidden layer jth neuron and input layer ith 
neuron 
Wj0 = hidden layer jth neuron bias 
fh = Hidden neuron transfer (activation) function 
Wkj = Output layer weight connecting hidden layer jth neuron and output layer jth neuron 
Wk0 = Output layer kth neuron bias 
f0 = Output neuron transfer (activation) function 
Xi = ith input variable 
yk = Output variable 
IN = Total number of neurons in input layer 
HN = Total number of neurons in hidden layer 
7.3.3. Fuzzy Logic Approach.  Fuzzy set theory was developed by  
Zadeh  (1965). Fuzzy sets have tremendous ability to accommodate human and sytem 
uncertainities [180]. Membership values in fuzzy logic syatems range from [0, 1] with 
value of 1 stating a complete acceptance of membership and vice versa. 
Figure 7.3 shows the illustrates the fuzzy logic approach. Fuzzy logic approach consists 
of three stages named Fuzzification, Inference, and Defuzzification. During first stage 
transformation of normal input variable values, known as crisp inputs, to linguistic terms 
takes place. Second stage consists of  mapping the linguistic inputs to linguistic output 
values using some fuzzy if-then rules. In third stage linguistic out put values are 
transformed into normal/real values known as crisp outputs. The two main fuzzy logic 
methods include Mamdani fuzzy logic method [168] and Sugeno fuzzy logic method 




Figure 7.2. Schematic for MLP model with single hidden layer. Here: Xi = ith input 
variable, IN = Total number of neurons in input layer, HN = Total number of neurons in 
hidden layer, Wji = Hidden layer weight connecting hidden layer jth neuron and input 
layer ith neuron, Wkj = Output layer weight connecting hidden layer jth neuron and 
output layer jth neuron [173]. 
 
 
Data sets in these methods can be clustered using either Fuzzy c-means (FCM) or 
subtractive clustering for Mamdani model. ‘Min’ operator is used as the implication 
method [182] and ‘max’ operator is utilized for rule aggregation [183] in Mamdani fuzzy 
logic model.  
As an example, consider following a rule base: RBi: if x is Ai and y is Bi then Z is 
Ci where i = 1, 2, 3, … , n, Then; RBi = (Ai ʌ Bi) => Ci is defined by μRBi = μ(Ai ʌ Bi) => Ci 
(x,y,z).With two inputs (xo and yo), following output will be produced by using the above 














































′(𝑍) =  [𝜇𝐴𝑖(𝑥𝑜)ʌ 𝜇𝐵𝑖(𝑦𝑜)] →  𝜇𝐶𝑖(𝑍) =  𝛼𝑖 ʌ 𝜇𝐶𝑖(𝑍) 
𝜇𝐶′(𝑍) =  𝜇𝐶1(𝑍) ˅ 𝜇𝐶2(𝑍) = [𝛼1 ʌ 𝜇𝐶2(𝑍)] ˅ [𝛼2 ʌ 𝜇𝐶2(𝑍)]
𝜇𝐶′(𝑍) = ∪𝑖=1
𝑛 [𝛼𝑖 ʌ 𝜇𝐶𝑖(𝑍)] = ∪𝑖=1
𝑛 𝜇𝐶𝑖
′(𝑍), 𝐶′ = <=𝑖=1
𝑛  𝐶𝑖
′
    




7.3.4. Adaptive Neuro Fuzzy Inference System. ANFIS is a hybrid  
intelligent method combining ANN and fuzzy logic system. It uses Takagi Sugeno fuzzy 
inference model for creating an inference system for the input data values and then uses 




Figure 7.3. General schematic for Fuzzy logic system [173]. 
 
 
Figure 7.4 shows the structure of ANFIS. It consists of five layers. Working of 
ANFIS can be elaborated through and example having only two inputs with single output. 
Let these two inputs to be ‘x’ and ‘y’ as shown in Figure 7.2. Following is the 
relationship between the inputs and the outputs of each layer as explained by [167] [173]:  
Layer 1: Each node ‘i’ in this layer constructs membership grade for each input 









                         𝑂1,𝑖 = 𝜇𝐴𝑖(𝑥)  ;   𝑖 = 1, 2     (45) 
 𝑂1,𝑖 = 𝜇𝐵𝑖 − 2(𝑦)  ;   𝑖 = 3, 4 (46) 
 
Where, ‘Ai’ and ‘Bi – 2’ are the linguistic fuzzy input variables of the 
corresponding node with its shape being defined through a particular membership 
function (μ). Various membership functions are available, most commonly used are as 
given in Equations 47 & 48: 
 









      (Gaussian MF) (47) 













In this layer, {SDi, bi, ci} are the set of parameters that defines the membership 
function shape and are commonly regarded as “premise parameters” 
Layer 2: Firing strength of the rule ‘wi’ is computed by each of node in this layer. 
Output of each node in this layer is basically a product of all its inputs for each node as 
given by Equation 49: 
 




Layer 3: Each node in this layer computes the normalized firing strength ‘w𝑖̅̅ ̅’ 
by calculating a ratio of a particular node firing strength to the sum of all the firing 
strengths (Equation 50): 
 
 
    𝑂3,𝑖 = w𝑖̅̅ ̅ =  
w𝑖
w1+ w2
  ;    𝑖 = 1, 2     (50) 
 
Layer 4: In this layer an overall rule contribution (ith rule) in the overall model 
output is computed for each node (ith node) via Equation 51: 
 
 
    𝑂4,𝑖 = w𝑖̅̅ ̅𝑓𝑖 = w𝑖̅̅ ̅ (𝑝𝑖𝑥 + 𝑞𝑖𝑦 + 𝑟𝑖)  ;    𝑖 = 1, 2     (51) 
 
In this layer, {pi, qi, ri} are the set of parameters that are known as “consequent 
parameters”. 
Layer 5: This layer consists of a single node for each output variable which 
computes the overall ANFIS output by taking the sum of all the inputs to that particular  
node as expressed by Equation 52: 
 
 
7.3.5. Hybrid Neuro Fuzzy Inference System. Hybrid Neuro Fuzzy Inference  
System (HyFIS) was developed by Kim and Kasabov (1999). HYFIS has two lerning 
phases  termed as  knowledge acquisition and parameter learning. Wang and Mendel 













Figure 7.4.  General ANFIS schematic with two crisp inputs ‘x’ and ‘y’ and one output. 
Here: ‘Ai’ and ‘Bi’ are the linguistic fuzzy input variables with i = 1,2 [173]. 
 
 
technique is used for knowledge acquisition from the input data. A supervised learning 
method with gradient descent based algorithm is used afterwards for parameter and 
structure learning. Through a combination of these two phases a database consisting of 
rules along with the membership function parameters is generated. Gaussian function is 
used as the membership function in HyFIS [170][185][173]. 
7.3.6.  Model Performance Criteria.  Coefficient of determination (R2) and 
 Root  Mean Square Errors (RMSE), as given by Equations (53) and (54), respectively, 
were used as the statistical indicators in order to evaluate the performance of each of the 
machine learning and artificial intelligence model in this work. The value for the 
coefficient of determination (R2), describing the degree of correlation, ranges between [0, 
1]. The closer the value of R2 to 1, the better the correlation between the predicted and 
the actual values. RMSE ranges between [0, ∞] indicating the variance of errors. The 
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closer the value of RMSE to 0, the better the match between the actual and the 
predicted values [186]. 
 
           𝑅2 = 
[∑ (𝑃𝑖 − ?̅?)(
𝑛
𝑖=1 𝐴𝑖 − ?̅?)]
2
[∑ (𝑃𝑖 − ?̅?)2
𝑛
𝑖=1 (𝐴𝑖 − ?̅?)
2]
 (53) 
𝑅𝑀𝑆𝐸 =  √




  (54) 
 
Where, 
n = Total number of observations in the data being used 
Pi = Predicted value by the model 
Ai = Actual value in data 
?̅? = Mean of all the predicted values 
?̅? = Mean of all the actual values 
 
7.4. DATA PREPARATION AND AI MODELING 
 
Data preparation involves division of the total data (flotation experiment inputs 
and outputs) into training and testing subsets containing 80% and 20% of the total data, 
respectively for training and validating ML and AI models. Each observation in the 
subset includes data containing five inputs and six outputs. Division of the data was done 
by using cross validation method [187]. Table 7.1 displays the statistical quality analysis 
results for training and test data set with providing the minimum value, maximum value, 
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mean/average value, standard deviation and the coefficient of variation for all the 
variables (both the input and the output).   
Software R was used for ML and AI modelling. Both the training and testing data 
sets were normalized between 0 and 1, through linear mapping as given by Equation (55). 
Denormalization of the output values was done once model training was finished [188].  
 
𝑋𝑛[0, 1] =  





Xn = Normalized value for variable ‘x’ 
Xmax = Maximum value of variable ‘x’ 
Xmin = Minimum value of variable ‘x’ 
X = Actual value of variable ‘x’ 
 
7.5. IMPLEMENTATION AND RESULTS OF MODELLING 
 
 Detailed implementation of each of the AI and ML models and results obtained 
are discussed below. 
7.5.1. Random Forest Model Results.  All the input and output variable  
identifications were provided through a formula for training phase in supervised mode. 
Number of trees ‘ntree’ to be randomly grown in the forest and the number of variables to 
be randomly selected at each node split ‘mtry’ are the two most important parameters for 
RF model. There is no limitation on number of trees so ‘ntree’ was set to 1000. For 
obtaining an optimal value for ‘mtry’, parameter tuning process was employed. After 
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running the model multiple times for a fixed ‘ntree’ of 1000, an optimum value of ‘7’ 
was obtained through cross validation (CV) method. Then the optimal value was used 
during the training phase for model development.  
Figures 7.5A, 7.5B, 7.6A and 7.6B display the plots between real and predicted 
values (by random forest model) for lead recovery, lead grade, copper recovery and 
copper grade, respectively for the model training phase. Figures 7.7A, 7.7B, 7.8A and 
7.8B display plots between real and predicted values (by random forest model) for lead 
recovery, lead grade, copper recovery and copper grade, respectively for the model 
testing phase. Figure 7.9 illustrates the importance of all the input variables in forest 
building. It can be seen that impeller speed is the most important input variable for all the 
output variables prediction based on RF model. 
7.5.2. Artificial Neural Network Results.  ANN was developed for predicting  
the metallurgical performance of the froth floatation of complex sulfide ore. Resilient 
backpropagation with weight backtracking was used as the training algorithm for single 
hidden layer ANN. Trial and error methodology [189] was used to obtain the optimal 
number of hidden neurons. The range based on the Equations (56) and (57) provided by 
Wanas et al. [190] and Mishra and Desai [191], respectively, came out to be between 2 
and 15 . 
However, the optimal number of hidden neurons was selected based on the point 
where the model performance stabilized. Value for the number of hidden neurons came  
out to be 30 and was used to develop the final ANN model. TANSIG and PURELIN 
functions were used as the activation functions for hidden and output layer, respectively. 
Training data set was used during the training phase and the iterations stopped as soon as 
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the specified threshold error of 0.01 was reached. After training, the model was 
validated through the testing phase.  
The predicted outcomes were compared with the original values to evaluate the 
performance of ANN model. The developed ANN model is displayed in Figure 7.10. In 
order to reach a final threshold 0.01, the model had to go through a total 862 steps during 
the training phase. Weight vectors, connecting the neurons, are represented with black 
lines in Figure 7.10. Whereas, bias is represented with blue lines. Figure 7.11 shows the 
ANN model with no visual cluttering issue. Thickness of line shows the magnitude of the 





Figure 7.5. Real vs Predicted values plot for the training phase of the Random Forest 




Table 7.1. Quality analysis of Training and Test Data Sets. 









100 450 271.5 107.8205 39.71287 
Sodium Cyanide 
(ppm) 
50 350 191 87 45.54974 
MIBC (ppm) 5 100 51.55 32.20206 62.46762 
Zinc Sulfate (ppm) 200 700 445 161.9413 36.39131 
Impeller Speed 
(rpm) 
3 9 6.18 1.840543 29.78226 
Air Rate (l/min) 800 1800 1290 308.0584 23.8805 
Flotation Time 
(Min) 
2 8 4.94 1.748256 35.3898 
Lead Grade (%) 13.02 39.46 24.084
4 
6.132633 25.46309 
Lead Recovery (%) 26.21 98.94 60.969
2 
19.58045 32.11531 









100 450 260.41 112.0167 43.01442 
Sodium Cyanide 
(ppm) 
50 350 212.5 96.01432 45.18321 
MIBC (ppm) 5 100 48.541
67 
23.41782 48.24271 





3 9 5.75 1.920286 33.39629 





2 8 5.25 2.277608 43.38302 
Lead Grade (%) 14.67 39.33 26.259
17 
9.089104 34.61307 
Lead Recovery (%) 19.26 75.54 57.721
67 
17.35179 30.06113 











Figure 7.6. Real vs Predicted values plot for the training phase of the Random Forest 




Figure 7.7. Real vs Predicted values plot for the testing phase of the Random Forest (RF) 





Figure 7.8. Real vs Predicted values plot for the testing phase of the Random Forest (RF) 








𝐻𝑁 = log(𝑛)    [190] (56) 
𝐻𝑁 = 2(𝐼𝑁) + 1   [191] (57) 
 
Where, 
HN = Total number of hidden neurons 
n = Total number of training data samples 
IN = Total number of input neurons 
Figures 7.12A, 7.12B, 7.13A and 7.13B display the plots between real and 
predicted values (of ANN model) for lead recovery, lead grade, copper recovery and 
copper grade, respectively for the model training phase. Figures 7.14A, 7.14B, 7.15A and 
7.15B display the plots between real and predicted values (ANN model) for lead 
recovery, lead grade, copper recovery and copper grade, respectively for the model 
training phase.  
7.5.3. Mamdani Fuzzy Logic.  The prediction model for metallurgical  
performance was trained using Mamdani Fuzzy Logic (MFL). In order to form the fuzzy 
if-then rules, the task of pattern recognition was done by using Fuzzy c-Means (FCM) 
clustering method, developed by Dunn [192]. Parameter ‘m’ is the most important 
parameter in FCM and its value was set to 2 as recommended by Hathaway and Bezdek 
[193]. A total of 57 fuzzy if-then rules were developed and further used for training of the 
model. Model was developed with Gaussian membership functions for both input and 
output variables. Gaussian membership functions for all the five input variables are 
shown in Figure 7.16. 
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Plots for experimental vs predicted values of training phase of the Mamdani 
Fuzzy logic model for lead recovery, lead grade, copper recovery and copper grade have 
been shown in Figures 7.17A, 7.17B, 7.18A and 7.18B, respectively. Plots for real vs 
predicted values of testing phase of the Mamdani Fuzzy logic model for lead recovery, 
lead grade, copper recovery and copper grade have been shown in Figures 7.19A, 7.19B, 
7.20A and 7.20B, respectively.  
7.5.4. ANFIS Model.  ANFIS model is trained using the least square method with  
back propagation for parameter learning in which the membership function are optimized 
for antecedent & consequent parts [194]. Membership grade for each input variable is 
developed with Gaussian membership functions in the fuzzification process. For model 
development, t-norm and s-norm are set to ‘min’ and ‘max’, respectively. Total number 
of iterations were fixed to 1500. Step size of ‘0.01’ was used for the back propagation 
optimization. Fifty five fuzzy if-then rules were used to construct the ANFIS model using 
Takagi Sugeno (TSK) method. Gaussian membership functions for ANFIS model are 
shown in Figure 7.21. Plots for real vs predicted values of training phase of the ANFIS 
model for lead recovery, lead grade, copper recovery and copper grade have been shown 
in Figures 7.22A, 7.22B, 7.23A and 7.23B, respectively. Plots for experimental vs 
predicted values of testing phase of the Mamdani Fuzzy logic model for lead recovery, 
lead grade, copper recovery and copper grade have been shown in Figures 7.24A, 7.24B, 
7.25A and 7.25B, respectively.  
7.5.5. HyFIS Model.  HyFIS model was developed with a rule base consisting of  
55 fuzzy if-then rules. Prediction phase is carried out through Mamdani fuzzy logic 
method. Whereas, parameter tuning phase is done by gradient decent based error back 
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propagation. Fuzzification is done with Gaussian membership functions with t-norm 
and maximum number of iterations set to ‘min’ and 1000, respectively. Defuzzification is 
done by employing the Modified Center of Gravity (COG) function for the output 
variables. Figure 7.26 displays the Gaussian membership functions for developed HyFIS 
model. Figures 7.27A, 7.27B, 7.28A and 7.28B display the plots between real and 
predicted values (of HyFIS model) for lead recovery, lead grade, copper recovery and 
copper grade, respectively for the model training phase. Figures 7.29A, 7.29B, 7.30A and 
7.30B display the plots between experimental and predicted values (of HyFIS model) for 
lead recovery, lead grade, copper recovery and copper grade, respectively for the model 




A total of five AI or ML models namely ANN, RF, Mamdani, ANFIS and HyFIS 
were developed during the course of this study. The performance of these five models 
was evaluated and compared for the prediction of metallurgical performance of bulk 
flotation of galena and chalcopyrite in complex sulfide ore flotation process. The 
developed models were validated once the training phase was completed. Table 7.2 
contains all the R2 and RMSE results for each of the five developed models for both the 
training and testing phase. On the basis of these statistical performance indicator results, 
it is evident that all the models predicted the recovery and the grade of both copper and 
lead, during the complex sulfide ore flotation process of galena and chalcopyrite , with 




Figure 7.10. Developed ANN model. Note: Black lines display the weight vectors b/w the 




Figure 7.11.  Developed neural network with relative weight magnitudes and directions 
being displayed with the thickness and color of the line, respectively. Note: black = 




Figure 7.12.  Real vs Predicted values plot for the training phase of the ANN model (A) 





Figure 7.13.  Real vs Predicted values plot for the training phase of the ANN model (A) 




Figure 7.14. Real vs Predicted values plot for the testing phase of the ANN model (A) 





Figure 7.15. Real vs Predicted values plot for the testing phase of the ANN model (A) 




Figure 7.16. Gaussian membership functions for all the input variables of the Mamdani 





Figure 7.17. Real vs Predicted values plot for the training phase of the MFL model (A) 




Figure 7.18. Real vs Predicted values plot for the training phase of the MFL model (A) 





Figure 7.19.  Real vs Predicted values plot for the testing phase of the MFL model (A) 




Figure 7.20.  Real vs Predicted values plot for the testing phase of the MFL model (A) 











Figure 7.22. Real vs Predicted values plot for the training phase of the ANFIS model (A) 




Figure 7.23. Real vs Predicted values plot for the training phase of the ANFIS model (A) 





Figure 7.24. Real vs Predicted values plot for the testing phase of the ANFIS model (A) 




Figure 7.25. Real vs Predicted values plot for the testing phase of the ANFIS model (A) 











Figure 7.27. Real vs Predicted values plot for the training phase of the HyFIS model (A) 
Lead recovery and (B) Lead grade. 
 
 
It can be seen from the results that the prediction error rates were higher for the 
testing phase in comparison to the training phase for each of the AI models. With ANN 
model, the obtained R2 and RMSE values were 0.99 and 1.09 for the training step, 
respectively, and for the testing phase the respective values were 0.9 and 2.98. With 
ANFIS model, the obtained R2 and RMSE values were 0.95 and 1.87 for the training step 
respectively. For the testing phase respective values were 0.87 and 3.34.  Comparing 
these indicators, it can be seen that ANN model performed much better than ANFIS. It 
can further be noted that corresponding values of R2 and RMSE for RF model came out 
to be 0.92 and 2.82, respectively for the training step, and 0.82 and 3.79, respectively for 




Figure 7.28. Real vs Predicted values plot for the training phase of the HyFIS model (A) 




Figure 7.29. Real vs Predicted values plot for the testing phase of the HyFIS model (A) 





Figure 7.30. Real vs Predicted values plot for the testing phase of the HyFIS model (A) 
Copper recovery and (B) Copper grade. 
 
 
for the training step, respectively, and for the testing phase the respective values were 
0.91 and 2.85. The values for R2 and RMSE for Mamdani FL model appeared to be 0.98 
and 1.21 in the training step, respectively, whereas during the testing phase the respective 
values were 0.90 and 2.94. Mamdani FL model performed better than ANFIS and RF 
model as evident through the indictors’ comparison. 
The overall accuracy appeared to be in the following order, HyFIS > ANN > 
Mamdani FL ANFIS > RF. The hybrid intelligent model performed the best but the 




  The values for R2 and RMSE for HyFIS model, came out to be 0.98 and 1.06 for 
the training phase, respectively, whereas for the testing step the respective values were 
  
194 
Table 7.2.  Performance Indicators for all the developed AI models. 
 Training Testing 
R2 RMSE R2 RMSE 
ANN 0.98647094 1.09359905 0.90082834 2.989 
Mamdani 0.98341725 1.21792542 0.90188536 2.941 
RF 0.91592695 2.82448383 0.82281637 3.792 
ANFIS 0.95574083 1.87647238 0.87927651 3.347 
HyFIS 0.98954153 1.06884344 0.91275861 2.859 
 
 
0.91 and 2.85. By comparing these performance indicators results for all the developed 
models, it is evident that the hybrid intelligent model namely HyFIS performed better 
than any other model. Results obtained from this work will contribute to the research that 
has been devoted to build an intelligent autonomous system to predict the process 




8. CONCLUSIONS AND RECOMMENDATIONS 
8.1. CONCLUSION 
 
This research work was aimed at making froth flotation of sulfide minerals 
sustainable and environment-friendly process. To accomplish this purpose, bulk flotation 
of complex sulfide ores containing galena, sphalerite, pyrite, chalcopyrite and dolomite 
was optimized and mathematical models were derived for the process. Biodegradable 
chitosan polymer was utilized to replace the toxic pyrite depressants that are currently 
used in the process. Nanoparticles process aids; SiO2 and Al2O3, were added to optimize 
the flotation performance and froth stability. Sea water was used to replace fresh water in 
the flotation process of polymetallic sulfide ores and its effect on the flotation 
performance was quantified. Artificial intelligence and machine learning models were 
used to predict the flotation performance of the ore under different influencing 
parameters which will allow the building of intelligent systems that can be used to predict 
the process outcomes of polymetallic sulfides that have similar ore characteristics. The 
following conclusions may be drawn from this study: 
1. The optimum flotation conditions found for maximum Pb grade were 450 g/ton of 
sodium isopropyl xanthate, 350 g/ton of MIBC, 73g/ton of NaCN, 700 g/ton of 
ZnSO4, 3 l/min of air, 1200 rpm of impeller speed and 8 minutes of flotation time. 
Optimum flotation variables for maximum Pb recovery were found to be 100 
g/ton of sodium isopropyl xanthate, 95 g/ton of MIBC, 5g/ton of NaCN, 200 g/ton 
of ZnSO4, 3 l/min of air, 1800 rpm of impeller speed and 6.6 minutes of flotation 
time. For maximizing Cu grade; 450 g/ton of sodium isopropyl xanthate, 50 g/ton 
of MIBC, 200 g/ton of ZnSO4, 800 rpm of impeller speed and 2 minutes of 
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flotation time were found to be the best fit values of significant operation 
parameters.  
2. Optimal flotation conditions for Cu recovery were determined to be 100 g/ton of 
sodium isopropyl xanthate, 350 g/ton of MIBC, 5 g/ton of NaCN, 200 g/ton of 
ZnSO4, 1800 rpm of impeller speed and 2 minutes of flotation time.  
3. To achieve the combined desired results of bulk flotation of galena and 
chalcopyrite, which were minimizing the grade and recovery of Zn & Fe and 
maximizing the grade and recovery of Pb and Cu, following values of flotation 
variables are suggested; 450 g/ton of sodium isopropyl xanthate, 50 g/ton of 
MIBC, 80g/ton of NaCN, 700 g/ton of ZnSO4, 3 l/min of air, 1456 rpm of 
impeller speed and 8 minutes of flotation time. 
4. Bulk flotation tests carried out to compare the depression capability of NaCN and 
chitosan polymer revealed that chitosan was effective in depressing pyrite 
minerals. Chitosan depressed 5.6% more pyrite as compared to conventional 
depressant. It was however noted that at higher dosages, chitosan depressed 
chalcopyrite and galena which was not desired in this case. The optimum dosage 
of chitosan was 50 g/ton. At this dosage, galena had the highest recovery while 
pyrite had the lowest recovery.  An inverse relationship was found between 
dynamic froth stability and chitosan dosage which may be attributed to the 
decrease in the number of pyrite particles in froth layer due to depressing effect of 
Chitosan. 
5. Addition of Al2O3 nanoparticles increased dynamic froth stability by 26.4 % 
while there was no significant increase in the dynamic froth stability when SiO2 
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nanoparticles were used. There was 0.85 % increase in Pb grade when Al2O3 
nanoparticles were added in the system while Pb grade decreased by 2% when 
SiO2 nanoparticles were added. Addition of Al2O3 nanoparticles increased Pb 
recovery by 3 % while there was no significant increase observed in case of SiO2 
nanoparticles. Cu grade was not significantly influenced by the addition of both 
type of nanoparticles. Cu recovery, however unexpectedly decreased when both 
types of nanoparticles were added. The decrease in Cu recovery was found to be 4 
% in case of SiO2 nanoparticles and 3.5 % in case of Al2O3 nanoparticles. Both 
type of nanoparticles had no effect on Zn grade. A decrease of 0.8 % was detected 
in Zn recovery by virtue of addition of both type of nanoparticles. Al2O3 nano 
particle addition decreased both Fe grade and recovery. SiO2 nanoparticles 
however resulted in rise of 0.6 % in Fe grade and 0.7 % in Fe recovery which was 
not desired as Fe was targeted to be depressed. 
6. While using seawater as process water, dynamic froth stability decreased by 8 % 
as compared to the case when fresh water was used. This decrease in froth 
stability in case of seawater flotation can be attributed to the joint action of 
sodium isopropyl xanthate and saline water augmented by the destabilizing effect 
of ions on froth stability. Recovery of all the metals including Pb, Cu, Zn, and Fe 
was enhanced by 15.37 %, 5.4 %, 7.9 % and 2.6 % respectively when seawater 
was used. Use of seawater resulted a decrease in grade of all the metals except Zn 
in which change was negligible. Reduction in Pb, Cu and Fe grade was found to 
be 11.52 %, 0.26 % and 0.8 % respectively. This decrease in grades may be 
attributed to the depressing action of ions present in sea water on certain metals. 
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Based on the observations done during this study it can be concluded that 
seawater reduces froth stability in complex sulfide ore flotation. However the 
effect of sea water on flotation performance is positive overall. It is however 
important to adjust the frother and collector dosages when using seawater. This 
study has laid the foundation of selecting the proper reagent dosages for complex 
sulfide ore flotation by generating mathematical models as given by Equations 34 
to 42. 
7.  Five different machine learning and artificial intelligence models including 
Artificial Neural Networks (ANN), Random Forest (RF), Adaptive Neuro Fuzzy 
Interference System (ANFIS), Mamdani Fuzzy Logic (MFL) and Hybrid Neural 
Fuzzy Interference System (HyFIS) were developed and trained in this study for 
prediction of flotation performance of bulk flotation of galena and chalcopyrite. 
Coefficient of determination and root mean square error were employed as the 
performance indicators for evaluating the performance of these developed models. 
The values for R2 and RMSE for HyFIS model, came out to be 0.98 and 1.06 for 
the training phase, respectively, whereas for the testing step the respective values 
were 0.91 and 2.85. By comparing these performance indicators results for all the 
developed models, it was evident that the hybrid intelligent model namely HyFIS 
performed better than any other model. This finding can pave the path for 
implementation of HyFIS model to automate the plants processing Mississippi 





8.2. RECOMMENDATIONS  
 
The findings obtained from this research work indicate that sulfide mineral 
flotation process can be made environment friendly by introducing chitosan polymer 
instead of NaCN for pyrite dosage. Moreover, sustainability and controllability of 
flotation can be enhanced by using sea water and nanoparticles. Effect of all these 
materials have been quantified on froth stability. HyFIS model has been found to 
effectively run the sulfide ore processing plant. In short, large amount of data has been 
generated through this study which will enhance the current state of knowledge on froth 
stability and sustainability of the froth flotation process of polymetallic sulfide ores. 
However, further studies are needed to investigate the application of polymers, 
nanomaterials ,seawater and ML models on stability and performance of sulfide ore 
flotation process at pilot and industrial scale. The following studies are recommended for 
future work: 
1. This study showed that chitosan may have a bright prospect for use in sulfide 
mineral flotation as pyrite depressant. However effect of chitosan on sphalerite 
needs to be investigated. There is a possibility that chitosan may be able to 
depress both sphalerite and pyrite simultaneously. 
2. It is recommended that fundamental research be conducted to find out the reason 
for preferential adsorption of Al2O3 nanoparticles on liquid air interface in case of 
sulfide ore flotation. More types of nanoparticles should be tested to find out the 
most suitable type of nanoparticles to control froth stability and flotation 
performance of complex sulfide ores. 
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3. Fundamental research should be carried out to find the depressing effect of 
different ions in seawater on different metals in complex sulfide ore flotation. It is 
also suggested to try nanomaterials in seawater which may enhance the froth 
stability, thus help in achieving the grades comparable to fresh water. 
4. Computational fluid dynamic models used to define the froth flotation process 
needs to be simplified to lessen the computational cost and time to run the process 
simulations. 
5. AI and ML models should be employed at mineral processing plants as it will cut 
the labor cost to operate the plant. Less sampling will be required as AI 
algorithms will be able to control the plant input parameters very efficiently 
according to the changing situation. Peak performance of plant will be achieved at 
all times. 
 
8.3. FUTURE WORK 
 
In addition to above recommendations , this study aims to carry out CFD 
simulation on effect of solid concentration on froth stability. Experimental work to 
validate the CFD simulations have already been completed. Preliminary simulations have 
also been carried out. Details of this future work and it’sare given below. 
8.3.1. Background.  Froth structure and stability plays a very important  
part in the ability of a froth flotation process to achieve the desired grade and recovery 
[68]. There are a number of factors effecting froth stability among which most important 
are drainage of liquid in the lamellae , particle size, hydrophobicity of particles, zeta 
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potential of the particles, surface viscosity, solid concentration, and type and quantity 
of surface active reagents in the solution [195]. 
Bubble coalescence and breakage plays a very important role in stability of froth. 
A higher bubble coalescence and burst rate results in unstable froths. Bubble coalescence 
results from the collision of two gas bubbles. During collision, thickness of liquid film 
between the bubbles shrinks, which reaching a certain thickness collapses resulting in 
coalescence [196]. However, small solid particles attached to the planar or curved liquid 
interfaces can act as a steric hindrance to the drainage of the liquid film. This role of solid 
particles results in stabilizing the froth in dynamic conditions of froth flotation. It is now 
well known that solid particles can stabilize the froth up to weeks in very harsh 
conditions [94][109]. The effect of solid particles on froth stability mainly depends upon 
the concentration of solid particles, particle size and shape. The stability of the foam has 
been observed to be inversely proportional to particle size and directly proportional to 
solid particle concentration [81], [83]. 
In mineral processing industry most of the flotation is carried out using cells with 
mechanical agitators. These cells can range up to a size of 1L in lab to 300 m3 at plant 
scale. The flotation process is divided in three sub-processes involving collision, 
attachment and detachment. Flotation cells have been designed using empirical relations 
in the past. The shift now, however, is to design these based on the Computational fluid 
dynamic (CFD) studies. In CFD studies of flotation, flotation cell is divided into discrete 
elements of finite volume. This allows the local values of the flow to be calculated at 
each finite volume. The understanding of flotation process gained through this approach 
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has allowed great advancements in both flotation cell designs and flotation 
performance [197]–[199]. 
Eulerian–Eulerian approach has been used recently in a CFD model to study the 
effect of solid concentration on froth stability. Simulation included bubble break-up, 
bubble coalescence rate, the interfacial exchange of mass and momentum and bubble–
particle attachment and detachment. Good agreement was found between experimental 
and simulation results regarding the effect of solid concentration on gas hold-up and axial 
pressure profile [109].  
The aim of this work is to use computational fluid dynamic modelling to 
understand the impact of solid concentration on froth stability in a mechanically agitated 
cell. The developed 3D CFD model will measure the froth stability by analyzing the 
velocity of mixture of phases through the cell after aeration. Experiments determining the 
effect of solid concentration on froth stability have been carried out in a 1L Denver 
flotation cell. CFD modelling has been done through Ansys Fluent 18 and is still in 
process.  
8.3.2. Model Description.  In this study, three-dimensional flow of a 2 L 
 Denver flotation cell used throughout this study for froth stability measurement will be 
simulated using Ansys Fluent 18 software. Figure 8.1 illustrates the geometrical aspects 
of the cell used in this study. This figure has been generated through 3 dimensional 
design modeler of Ansys Work Bench 18. The flotation cell used is 216 mm in height and 
108 mm in width. Agitator is placed at the centre of the flotation cell and has a height of 
216 mm and has a shaft of diameter 21.44 mm. Fan attached to the agitator handle 
measures a diameter of 66.04 mm. Agitator is encapsulated inside an air duct of 43.18 
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diameter. Air is introduced at the top of this inlet and is dispersed throughout the cell 
via the agitator fan. Froth outlet is at the top of the cell and has an area of 11,664 mm2. In 
this study cell is divided into 221320 number of elements as shown in Figure 8.2. 
Simulations will be carried out to predict the froth stability at concentrations of 
30% and 40 % by volume. Impeller speed will be maintained at 146 rad/s which was 




Figure 8.1. 3D sketch of 2L Denver flotation cell. 
 
 
In this study, water is the primary fluid phase with a density of 998.2 kg/m3. Air 
introduced in the cell in form of air bubbles was secondary fluid phase. Air bubles size  
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range modeled in the CFD model is from 500 to 1000 microns as shown in Figure 
8.3.Third phase in this study was sulfide ore. Density of ore is 2917 kg/m3 and 80 % 
passing size is 53 micron For modelling purpose, all particles and bubbles are assumed to 









Figure 8.3. Properties of air used in the CFD model. 
 
 
8.3.3. Hydrodynamic Model .  The commercial CFD software package Ansys  
Fluent 18 is used to model the hydrodynamics of the mechanical flotation cell. Eulerian-
Eulerian multiphase approach was used to calculate the conservation of mass, energy and 
momentum for each phase. Water is the primary continuous phase, while ore and air are 
dispersed phases. All three phases are however modeled in Eulerian frame of reference to 
cut down the computation time. The turbulent viscosity of the primary phase is calculated 
using standard k - ɛ turbulence model. Details of viscous model and its constant are given 








8.3.4. Governing Equations  The equations solved by Fluent for fluid-fluid 
 multiphase flows are presented below. The volume fraction for each phase in Fluent is  
















Where ρ rq is the phase reference density  of the qth phase in the solution 
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?⃗?𝑣𝑚,𝑞 + ?⃗?𝑡𝑑,𝑞)  
 
   
(59) 
 
 where µq is the  phase stress-strain tensor. Here µq   and λq  are the shear and bulk 
viscosity of phase q, Fq is an external body force, Flift,q is a lift force, Fwl,q is a wall 
lubrication force , Fvmq is a virtual mass force, and Ftdq is a turbulent dispersion 
force. Rpq is an interaction force between phases, and p is the pressure shared by all 
phases. Vpq is the interphase velocity.The equation solved by ANSYS Fluent for the  
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𝑛




 where hq is the specific enthalpy of the q
th phase, qq is the heat flux, Sq is a source 
term that includes sources of enthalpy, Qpq is the intensity of heat exchange between 
the pth and qth phases, and hpq is the interphase enthalpy .The heat exchange between 
phases must comply with the local balance conditions Qpq = - Qqp and Qpq = 0. 
The Interfacial Area Concentration predicts the mass, momentum and energy 
transfer through the phases. The interfacial area concentration model in this study uses a 
















𝑋𝑝 + 𝜌𝑔(𝑆𝑅𝐶𝑆𝑊𝐸𝑆𝑇𝐼) (61) 
 
where Xp is the interfacial area concentration and αg  is the gas volume fraction. 
The first two terms on the right hand side of  are of gas bubble expansion due to 
compressibility and mass transfer (phase change). mg is the mass transfer rate into the gas 
phase per unit mixture volume. SRC and SWE are the coalescence sink terms due to random 
collision and wake entrainment, respectively. STl is the breakage source term due to 
turbulent impact. In this study Hibiki-Ishi model is employed to account for bubble 
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